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METHOD, SYSTEM AND APPARATUS FOR REAL- TI ME RESERVO R
MODEL UPDATI NG USI NG ENSEMBLE KALMAN FI LTER TECHNI CAL
wo-bazDeibB@ present invention rel ates general | yPeDUS2006/044155
reservoir sinmulators for predicting the flow of fluids
t hrough subterranean formations, and nore
particularly, to nmethods of updating reservoir
si mul at or NPEIBODY SSTENISISD AP ARATUSCEQRI neasur ed
producti on_dat a utilizya% ensenble Kalman filters

(EnKF). B VIQRAN I ARRAFENG npdel s
have becone apgiRarNSEimIaF kAl MAKY 5191“@Ry deci si on
anal ysi s reI ated to managenent of 0|F gas fields. The
concept of 'closed-1oop' reservoir managenent is
currently receiving ﬁzﬁg&@mtenti on in the
petrol eum i ndustry. <t r 'continuous’
reservoi r nodel updating technique is an inportant
conponent for the feasible application of any ’
Top oxsentiiosptioesisicsacncirtn fyenunelr produaers forme@ctmu the flow
ont 1 nyc¢
of ﬁgﬁt@ Iﬂg&g%l Jﬁ%ﬁéhgn&% (;9&1% a%o'gés), aﬁrhﬁ‘ﬁlac{ij% ﬁ%ﬁﬁﬁ%ﬁ%j % msth ‘d?

up&ﬁﬁigrresér\mﬁrczadmhm modalsao e cértsistent ithpefubomemaed production
predictions and the aSSOCIated uncertainty are
d&ﬁ Whzggeasemhle %@maﬁh Hiers Gkl cul ations. ~ The
cl osed- | oop reservoir managenment concept all ows
real -time decisions to be made that maxim ze the
producti on pot 8AGIGROUND OFSEHEINVENIHEde deci si ons
are based on the nost current information avail abl e
about the reservoir nodel and the associ ated
REIEQbE MUk h@be BdaBmb b HnpBkdn®Part @&%M&td@&glon analy51s
requirenent in this real-tinme, nodel-baséd reservoir
ln}még@mmgement@ssl/gag fiekvls. ‘Bl ¢qntc§pttoé ctaspd-tiiop' @sewwat e
he- [es LVOI I c i.at ed unc
e ten DS B R R G Rl bty
Ye@Blimb' dﬁ&:oﬁt@ﬁﬁh@ ResErvaeh rhbdl apdafing Vedthhidad isef ifportant -
reservoir nodels as conpared to production data is

qEponpitifeibeicesiblsagplicatinn of amycleret donmigsqrvNg menagsan!
58&\4? %ﬁsqgcﬁ’lmcfﬁ &Y be able to rapidly and contmuously update reservoir

models assnmlatmg th¢ up-to-date measured‘ production data so that the performance

predictioné and the associated uncertainty are up-to-date for optimization calculations.

The él‘osed-loop reservoir management concept allows real-time decisidns to be made
that maxmnze the production potent1al of a reservoir. These decisions are based on
the most current information available about the reservoir model and the assoc1ated
uncertainty of the 1nformat1on One: 1rnportant requirement in this real- time,
model-based reservolr management process is the ability to rapidly estimate thé
reservoir models and the associated'uhcertainw reflecting the most current production

data in a real-time fashion.
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mat chi ng net hods suffer fromone or nore of the
foll ow ng drawbacks: (1) production data for the

we@pioroel6ké st ory are nmatched at the same tine aPdI/US2006/044155

repeated flow sinulations of the entire history are
requi red which makes HM extrenely tinme consum ng; (2)
gradi ent based Hwvhet hods require sensitivity

ToeaftfonelleRaligalos W alst9BE nﬁf(‘i@lsrﬁls BbﬂFZ@H kPRoWoh da{aqs
conpl i.cated, CPU intensive, often trapped by | oca

ARcAMREshed ibropg)) a htstomsm@tchmdeM) nrecess Sepyentivoeltistont y
tr volve ting the

s R S S e L

(this is rarely done because of the tinme |nvoIved to

h|eve hlst mat ch) . Thus, desp
g ni ?ﬁoégﬂ{OUr#@gfp éuségawgtghq:@,atébﬁjsame time and

pr actte?@étkd/ﬂo&zfgﬁnﬁlﬁt?&ﬂsb!f% tifd 4O éffefqﬁﬂé Dt e v

are no suited for real-tine |ng

i s paettiemdlntimg comuminggen a | ar ge armunt of data are

avai l able (e.g., from pernmanent sensors) and rapid

updating of multiple nodels is required. The ensenbl e

K9l maprafiicht ®dsed ﬁMEj)eth@Béjl%hh@Qséﬁ@ﬁlbﬁg cbe?ﬁc‘ﬁ@llltl caﬁ:ﬂlattlggs and

for such applications conpared the traditional

hi st oFynipazasian ﬁ@lqheamwgphcmé GRU quiensien tut efferafapphé by

ensenp) g’trﬁﬁl gl ter are sunmari zed below. (1) EnKF

i ncrenmen y ‘updat es reservoir nodels assimlating

production data sequentially with tinme as they becone
is ideally suited for real-tine

ai | abl thus it
@ém i dat i%é% Qlt tp agsesmspréanity v thiraditional wethedsendanay mvatve
refle Y,
ol | eBehlf PR BERU PR M TR G
uncer taaglydpnabeaalewd e tanainvalvbé td awhicop bisiighettistory match).
study; (3) EnKF is conmputationally fast because of the
efficiency of parallel/distributing conputing; (4)

F\Aﬁitﬁ; gﬁ:?iﬂtte Eggnﬁgig.hﬂ 20 8sta RM¥adBRENN U pPdc-RUARL Be traditional
history matching methods are not well suited for real-time model updating. This is
particularly true when a large amount of data are available (e.g., from permanent

sensors) and rapid updating of multiple models is required.

The ensemble Kalman filter (EnKF) updating method is well suited for such
applications compared to the traditional history matching methods. The unique

features of the ensemble Kalman filter are summarized below:

(1) EnKF incrementally updates reservoir models assimilating production data

sequentially with time as they become available, thus it is ideally suited for

real-time applications;

(2)  an ensemble of reservoir models that reflect the most current production data

are always maintained. Thus, the performance predictions and uncertainty are

always available for optimization study;

0.
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conplicated codi ng; and (5) EnKF does not need
optim zation and sensitivity coefficients

w@2a0ocbmeé ons. These features nake EnKF i deal POT/US2006/044155

real -time reservoir nodel updating. Since its

i ntroduction, EnKF has been w dely used in Meteorol ogy
and QOceanography for data assimlation in |arge
non-|inear systens. Evensen, G : "Sequential data
assimlation with a nonlinear quasi-geostrophic nodel
(B ngENbhiscogmutadionalihbetdecanst of e aficieancy of parallel/distributing
stati %’g@&iﬂ"_ Mont hly Weat her Revi ew, 127(12),

2741- ""$999. Hout ekamer, PX. and Mtchel |, H.L.:
"Data assim |l ation using an ensenble Kalman filter
chnique, " Month| g Weat her Revi ew, 126(3), 796-811,

o8, EAh ctelggRnbicd poth aay seserye sepulatar withpytthe need of
assi nj ' N rse nethods in terns of

pr obgﬁ@%"?@g@%}’gﬂa}ﬁgﬂ on", Monthly Wat her Revi ew 124,
2898- 2913, 1996. Reichle, R H, MLaughlin, D.B., and

t ek i, D.: " rol agic data assimlation with the
se n‘ET‘a]gi: RAPSAaS n??ﬁfj FRgp atﬁ%ﬁ?ﬁ PPty restRsisnis ralcBtiprs
103-1 14, 2002. Burgers, G, van Leeuwen, PJ. and

Evensen, G : "Analysis schenme in the ensenbl e Kal man
Thesedeaturepmak e EnK adaahfor Real-iiow resbP®ir m3dd updRihg. 31068its

3 Th | e K filter: Th tjcal
BRI BT It Sy LRSS
eMsiaiNtS in B3gon-Bdedr SBlms2ZBsen] B0 "Sag@AHhEIHPAsIB N 1ation

filter has recently been introduced into the Petrol eum
Wi pdoplneasguasy geegapior mpde! usmedvonteffaslognetbedsi te forecast

CFild ' [ voi r
SoLIRIHLL BEaPL VR BUPAR 9909 b7 ofof 5385
ploekam@0D3;. aiNhMitthtl], HaL,: "Dannasshilatioh usii e deémiblB&Kalman
%QH' . "Near - wel % r S'e);v%lgr, nmoni t oring through ensenbl e

FLisshopqiey ddonthbs eathezshevienss 5263k a4@R1bAOR8. ¢ ho
r G ‘ nvals 1y
SR P i o181 SRS U550 BB oo
afhprovgfilifigsgoroiilktion”, ResbiNiBedithardtevicar 1249289802913, 1996.

ont j nYqus del u| | N [ ensenbl e Kal man -
Feftbler M e RSt A 8 ey B "B oo s asspilation
ARMURE enke@ bR ICAa P BREST ADEALAPEL RS R B, 986 1PRERY
CO, 5-8 October, 2003. s 13 P14, 2002.
Burgers, G., van Leeuwen, P.J. and Evensen, G.: "Analysis scheme in the ensemble
Kalman filter," Monthly Weather Review, 126, 1719-1724, 1998. Eilensen, G.: "The
ensemble Kalman filter: Theoretical formulation and practical implementation,"

Ocean Dynamics, 53(4), 343-367,:2003.

The ensemble Kalman filter has recently been introduced into the Petroleum industry.
Gu, Y. and Oliver, D.S.: "The ensemble Kalman filter for continuous updating of
reservoir simulation models," Computational Geosciences, in press, 2005; Neevdal,
G., Mannseth, T., and Vefring, E.H.: "Near-well reservoir monitoring through
ensemble Kalman filter,” Paper SPE 75235 presented at the SPE/DOE Improved Oil
Recovery Symposium, 13-18 April, 2002; and Neevdal, G., Johnsen, L.M.,

Aanonsen, S.I., and Vefring, E.H.: "Reservoir monitoring and continuous model

-3-
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The ensenble Kalman filter can al so be used as a
hi story matching technique. Gu, Y. and Aiver, D.S.:

wO Rhoghersge mat chi ng of the PUNQ S3 reservoir noRPET/USR06IQH4155

the ensenble Kalman filter,"” Paper SPE 89942 presented
at the 2004 SPE Annual Technical Conference and
Exhi bi tion, Houston, TX, 26-29 Septenber, 2004; Liu,

Npdaing u@ng\éﬁiem’tﬂ}; BalmanGiltdrt, Paper@p@ 43472 %es‘éﬁteﬁﬁ@the 2003 SPE
ensenhl e Kal man filter on hi story matchin

cehirical {paderencp pd ﬁX@ﬂDEwgz@@WeprCé@pe%g S tadrer,12063.
2005 SPE Reservoir Sinmulation Synposium Houston, TX,
3 1 January - 2 February, 2005; Lorentzen, RIJ.,
I%e‘@nlamblﬂ{alrrvalﬂl‘es carBalso Beusgd ada Mstoap thatehingsitd@hique. Gu, Y.

Sudorigen B PRePral e SRR o iRy T aloy e

:
Sl 08 9750, o 00 i

Trerhkycal Gonferanse @misExlzb@@n Hm@tOT)aﬁ”Xn 2@R8 Septembbn 2604 d.iu, N.

ok Data Fitiin Model
gg ?rlrlg Hﬁs t(:!nt c{\a/F %Vr? u h&fznsem? ?lggﬁ]aiq%r on?nstory
edidtennd Gidsloghial f26iks, P&}Q&—SPE@Wﬁfeserﬁéﬂ AL 2@3@13 Reservoir
net hodol ogi es  have a nunber of shortcom ngs. First

comyHeR 8waposemﬂwmrs T¥o3} tanwpwye A‘Eedswaén@ém pheentzen, R.J.,
| | t that, th

R P R

iKa@man §bénfdi estisatibn ofiperfleabiligomd oy bﬂ&@ﬁv@ﬁ niddels",

s R aiohe Al Sl Riwat nephniclbC ORI —
ERIFnmRlRodexiablie @&o@e?@@wtané Phrallfd anm H“%(zér‘éé’Pﬁ)‘Bijem Theory:

ot her assunpti ons made during Ka Updati n
Adethodsrfor Datavéting @mhMoEnll@raxyepiem&itmtmmﬁlsmﬂ Angerdam,

ensure accuracy. The present
%ﬁ%%%ap‘gsnp%éﬁg?’e@ ds these shortcomings in conventional
EnKF nmet hods. SUMMARY OF THE | NVENTI ON The present

i nvention provides a nethod, system and apparatus for
riawyever, sarrens Fak¥onethpdledienipdat inngbersifishorconeinge fixkie

I%t%lé{gagﬂmkn be Ay sqg i fVF g@%’re\% i e%ét]{;aip btﬁé@ﬁ%g@_ so that
Theuriare fati€ anddynamic variables may not be consistent, i.e., solutions of the
flow equations based on the updated static variables may be different from the updated
dynamic variables. Second, the conventional EnKF methods fails to account for
nonlinearity and other assumptions made during Kalman updating. Further,
conventional EnKF typically require large ensemble sizes to ensure accuracy. The

present invention addresses these shortcomings in conventional EnKF methods.

SUMMARY OF THE INVENTION

The present invention provides a method, system and apparatus for real time reservoir
mode] updating using an ensemble Kalman filter. The method comprises the
following steps. An ensemble of reservoir models is generated. The ensemble is

represented, at a first time step, by an initial state vector of static and dynamic state

4.
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represented, at a first tinme step, by an initial state
vector of static and dynam c statevariabl es. For

wWexampbwse t he static state variables may i ncl UPET/US2006/044155

porosity and/or perneability. The dynam c state
vari abl es may include pressure and saturation. Froma
first time step to a second tine step, the initial

siridbesVBSteRtmp e, fhekrbashed diakwandy iR eeMatsty and/or
forecasted state vector which includes forecast static

BerRcalibmBe dpamp lats VaRgbleomer ipludsiporsswe ianh safaration. Arom
o e o
fg?ﬁﬂ tinkt &4 %%@Eé’onﬁ.tﬂgﬁ {g{gﬂ g%gh{fﬁéétgtg S/gcggrgx% ¥Ste a%’?‘e%%o%aorg to

orecast state vari product i on
darhpute Adorepastetl sthis teator whedt includés fopdad edtis bad dynaarid
dynam c state variables js, then conputed utilizing the
Kb ke st OO YidioR Ogia. freain BTyl A U EPBris dammuted
8adduben fRE@sASHe PIRBIS bh@MedBleRast Netheti &%M\ﬁdﬁ%d state

state vector is created including the updated st
geciprcofinpditad btetic anddiynhaickyatavatabddsas then aompinké stilizing the

Final.l fromthe first tine ste t he, second ti }
EhBBu pn BTG Bl Bopg G 4B g ottt prodicton
HaeVed, 4 cortammg 8atd vbaoesasded ieaiding tHenPdstat@tic state
vect or which includes forecast static and dynam c

yeghdesAad it mamicagate vdfiiabdgsy Fine iy fonsbetirg tofe step to the

Ol T l.S 4 e it he .static .and
SR Yl AR o B BB ol W S8R Bl ooy »
stratstedeohformingistage veotor aHicl ifElnG® fotebibt a8 amPdyiRinic state
Alsqil1 anitg.r tiye danping. nethod may be used in )
¢BRlesc Arer diRgnthe gascati¢ of reesreqir Bedsls isgipdated writh the tatic
AR bRATIE biitel varidb1SENS ' { g
outer iterat ivgﬂ%v%/i th ﬁa@{aoff\%?t%éﬁ}%@ ?%g&%%?@#gg?gén
getfhodarics withone deatherh Atse, areitiretee: dapirenmetibd enagibeaised in
reser\%oi r iﬁﬁgel s whi ch %%e to be ggdatﬁd. lt.is an .
SBPBATIOBWIHES RIHLRRANCE HGR I 35 AU SOoBlnetEt AT g angER FFverse
5Hih BrBEbhSdndut e 18RS oA WA b d : Pdd i
%Ddel s during the use of an ense ]ﬁ}glaﬁlg% Qni@lﬁﬁ%??tweeﬁc{]dgls
ppvadddrighicheredeegs thetensembln sizh of restrjveic motdels prioaki ate tabe
%Eéﬁg(‘lol e Kalman filtering nmethod in which iterations
are used to correct Gaussian and |inear assunptions in

a system It is yet another object to provide a

sanpl i ng techni que for selecting a subset of
It 1s an object of the present invention to provide a method of conforming static and

dynamic variables of reservoir models during the use of an ensemble Kalman filtering

updating method.

It is another object to provide an ensemble Kalman filtering method in which

iterations are used to correct Gaussian and linear assumptions in a system.

It is yet another object to provide a sampling technique for selecting a subset of
ensembles from a large size of ensembles which ensures accuracy while reducing the

number of ensembles needed to accurately perform EnKF.
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ensenbles froma |large size of ensenbles which ensures
accuracy while reducing the nunber of ensenbl es needed

wa o00aoeus@t el y perform EnKF. ~ - BRI EF DESCRI PTP@MUSI006/044155
THE DRAWNGS FIG 1 is a schematic drawing of a

non-iterative ensenble Kalman filter (EnKF) procedure
(follow the solid arrows) and a conform ng EnKF
process (fol BRIEF DESCRIFRICN OPVEIRDRAWINEGS arrows (1)
then (2); FIG 2 is a schematic drawi ng of an
interative EnKF process (follow the conform ng EnKF
FRE OCRSSkhBhit drb®idlok QRS- REMLAE SREmBI K NGhak BElRE (HHK
steps; FIG 3 is a graph of a cunulative distribution
pfagadir ¢ivllowdhy sadid apotvs pandreodoafoymassEmieF pRIdRys (Erikpvi the thick

sanpl i f . nmodel nber, uniformy fromthe cdf; FIGS
aﬂ?&?%‘%&”@ﬁ%%‘é@@?ﬁ‘%ﬁ%’e permeabi lity field and
graphs of production data; FIGS. 5(A)-(D) illustrate

raphs with nmean (left) and standard deviations i
{1 G schemBMPTAYing of ph Sverpi GubRc bvonsi (ol (3neoHareing

fi o ' | 11 P3 [
RISt et S PR RN o e T
6(A)-(D) show graphs with nean (left) and standard
devi at i i ght f BHP .at. Pl d WP [ t
it 570t el o b g oo s opy ol SEh At B g
(BRP) 4R tho B RAL 6 Rbac? ARBE! WRRRI fimIRdEls updat ed

yS using the non-iterative EnkKF
updati ng process. The dashed |lines are the results

romithe true nodel ; FIGS., 8(A).:- ho an and
RIS, SRS 8 e et r R Gnsialt R dn Pla g
120 days using the iterative EnKF updating process;
FIGS. 9(A)-(C are graphs of the change of an N
H6iSe éfA)v(éD)fiumﬁatecmargm mithgnéandedl) pohstandagd d¢vagtons (right) of

37 AL B b ATERaT i AL AY bR GA0 2P Bffgmogetin
weli Peusng tdRhatecrAve FARE dphgipasrbesgondi ng production.

data conputed fromthe updated perneability nodels.
Crosses represent the nmean of the 200 nodel s and

MS! %&&)qaﬁ)sshow graphs with mean (left) and standard deviation (right) of BHP at
P1 and WPR using the interative EnKF updating process;

FIGS. 7(A)-(D) show mean and variance of 200 permeability models updated at 60
and 120 days using the non-iterative EnKF updating process. The dashed lines are the

results from the true model;

FIGS. 8(A)-(D) show mean and variance of 200 permeability models updated at 60
and 120 days using the iterative EnKF updating process;

FIGS. 9(A)-(C) are graphs of the change of an objective function during iteration at

different assimilation times;
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are the true/observed value; FIGS. 11(A)-(B) are
graphs of perneability val ues updated by the

woowriews@at i ve EnKF at 30 days and producti on PIEL/ES2006/044155

conmputed fromthe updated perneability nodels. Crosses
are the nean of the 200 nodels and the holl ow dots are
the true/ observed values; FIGS. 12(A)-(D) show graphs

WA 1609 (IBARe LR oﬁ@Hn%BﬂHQ%lgeﬂg%gg 'b?/rhixé @&Eﬁg@nﬁf at

pr oduc i"on data predict ustn
diffgreneideratior®tnd alyfscormasnhénhglpm@stlm éath oornputade fidat the updated

SR S Srtrep Batt B8 ot vl Oadas S Rl ot
ik @& trieddbArveDyalsbow graphs with the nmean (top) and

standard devi ations (bottonm) of production data
pr edi cted suing permeability nodels updated at 120

Fesul tgé)s@gqﬂ% e nsoﬁrp% e{agﬁlt’s%lﬁeﬁkﬁ%%ﬁg’yéf(‘)‘gtn?eoéldl ffrﬁtﬁvesEnKF

atr3® dags ahd Srotiu@ivntdam doh’@ﬁ’@ﬂ iffoen 16 Ikbdatéd\Npértnebbifity models.
'H:rpgroved accura%}/ and reduced uncertainty conpared to

565 &85 fhe angsp o fhg 209 yodelsiapg thehollpw dotsare @hﬁ}w{wérved

@digdsr i bution function (cdf) of the nost varying
variable (BHP at a producing well Pl); FIGS. 15(A)-(F)
show graphs of sinul ated productl on data for the

' ' dat | t the. last
Pt TG M Pl oo e B G e s ceuadenogom) of
Bt hed i
Oy b oy e ANAD SY Thl fashed lnes

ris1Ter trpceddy seli¢ Bras)arauesdisdipue theaanvikst4tivelEnK(F, Faddatteddines
g[? ﬁtg?roﬁpt%gﬁtg +UDgels. at the last time step with

ent I Nl ensenbl e sets (bullets are the true
results.); FIGS. 17(A)-(H) illustrate nean and vari ance

of 200 perneability npdel s updated at 300 days with
HIGS- éﬁézg}(]%)s%mm graphs é\ﬁthtth%@emh@@n)\ﬁad stand%@dﬁ@aﬁons (bottom)

oGt

ﬁl([)} ﬁ% of (fa ggv ar | gﬁ] ce o %eé{%@ﬁdl]aﬁ f@ dnet{y& e??hed
hpei;&n'eduaﬂata, dotted lines are results from the non-iterative EnKF, and dotted
lines are results from the iterative EnKF; (Note the improved accuracy and reduced

uncertainty compared to the results of FIG. 12);

FIG. 14 shows a cumulative distribution function (cdf) of the most varying variable
(BHP at a producing well P1);

FIGS. 15(A)~(F) show graphs of simulated production data for the entire histofy using
the updated models at the last time step (720 days) with different initial ensemble sets;

The white lines are the true results;

FIGS. 16(A)-(C) depict histograms of the predicted Bottom Hole Pressure (BHP) at
production well P1 at 720 days from the updated models at the last time step with

different initial ensemble sets (bullets are the true results.);
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300 days with different assimlation tinme intervals Dt
using the iterative EnKF, FIGS. 19(A)-(H) show graphs

wo@Roopnedsct i on data based on the nodel s updat ePCHUSB0044155

days using the non-iterative ENKF updating scheme. The
white lines are fromthe reference field and dotted
lines are the nmean of the predictions; FIGS 20(A)-(H)

f {]@SV lg’gﬁrgﬁ AhstReREst LN ceRiFo gy g&lrr%ﬁb@l?}; olEs %gda%li at

e nodel s ‘updated at 300 days using the interativ
BAkeaysTrith differcat 4ssineitatian einferintervahé: usifeey moveiterhiied BnkiRd

ggézi@g(gbée%s are the mean of the predictions; FIGS.

Shows graphs of perneability val ues updated
by the iterative EnKF at different iterations and the

e S0 e A P By Siate G000 aayssbfemadeissedsiod a
g SuERRRGL e PR A el i WL ke ©
graphs of permeability values updated by the

A TAT b Ha R Pa e kDR o Hsaeess dbisdes

S T v o b T
Irpforenm B aahdeltedilipas hreEnddEeareitiooiodedigiions; | | first be

descri bed. This net hodol ogy corresponds to the path
shown by solid arrows in-FIG 1. Then, a nethod is

eSS ridiap (Mol HEPHIGT peddatibhs SFodhicRBA s a ARG BE Shodels
into conformance. This method enpl oys conformance

Spdafed ¢ii08 Hayy wingibe ierphtedinihilde vthitedivay anstfram Hie reference
g‘ﬁi&':arﬂ%ﬂggg%%%ye thy}&eaﬁ%?ﬁ%.pﬁé)ﬂfor nence steps are

1010R, . .
own by arrows in ""Next, aniteration
process in the EnKF updating nethodol ogy is introduced

i.ch dresses possi bl e non-Gaussi an and nonl i near
fm@ég &128)-@ s rgé@@wépm%wﬁﬁalus@ #pdateg bipthe pterative EnKF
LE4; ' - et j ' ' he
GEUTRIRL ISR A the SrbARRABEREIBEh itk ElubHEN SR b1
mpd%atéxlzhnn'fhiﬁli‘@enedeﬂsi atizng df)js. Thé crlgsﬁh ffe@hefiiean of téxe 200 models
assim.l ation, ti intervals |s also investigated. An
é’?@ Hﬁl@ﬁ?wéﬁﬁrgﬁ?ﬁ%&%ﬁ%d %?%%&ced in

FIGS. 22(A)-(B) shows graphs of permeability values updated by the non-iterative
EnKF at 300 days and production data computed from the updated permeability

- models. Crosses are the mean of the 200 models and hollow dots are the true/observed

value.

DETAILED DESCRIPTION OF THE INVENTION

Conventional EnKF methodology will first be described. This methodology

corresponds to the path shown by solid arrows in FIG. 1. Then, a méthod is described
which brings static and dynamic parameters into conformance. This method employs
conformance steps which are incorporated into the conventional EnKF methodology.

The added conformance steps are shown by dashed arrows in FIG. 1. Next, an

-8-
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conjunction with a synthetic 2D exanple to show t he

w@odwanemges t o be gai ned using aspects of the PCEBESW6/044155

10

15

20

25

30

i nvention. Ensenble Kalman Filter Updating EnKF
updating is a Bayesian approach and is initialized by
generating an ensenble of initial reservoir nodels
%%f Rn BrddEdsQh th L !

dat aa g?{e [ nscor peor at e%;déggﬁg%%hlog %lh?g&cegwg%hatddwgses
pesselly oom—GaMelhlsmét nenlupdafeetirasn ﬂe:wem‘aﬂmysteﬁn SdaFiG. 2. A

are | trod ti.n nsi ts of thre

o SRS s e v P B IRs iscenmiie SRS e epseyoir
erdeBAVhisH &t €0 YauipdRIdeShd éen@itwﬂﬁ@f Néld%dlfﬂa&ﬂ’t @s@iﬁﬁidﬁ%ﬁsﬁme
with current static and dynam c vari abl

AsTVAlsinplpomvetignisdt An mmrdﬁry @@Kﬁanetgadqi%y, amtlg@ 1n

I
S 5L AR B A a0 e
\caamplelte shawnibk ladi&ntdgéﬁtb Beygaed abiny asjcellof $he srbsdht Mvention.

vari ables (e.g., perneability and porosity fields that
are traditi onaIIy call ed static because they do not

%ﬁéinﬂ\ﬂemlﬂhmheﬂ'@%\(gﬁg& in the EnKF approach, static
ari abl'es are upda th tinme and thus are changl ng

wWth time representing the absor bi ng of new
dag@%rn%ta{onf m t.he data, Thi "fatlc notion is
it s adtousn EhEechand FIpiteeAY ssoretpE &) cnsemble of

dyifianfeServslf o1 e8sikEa Priori @E&%’éﬁ@al a0t PB@&SeFroductlon data are
saturations of the entire nodel that are solutions o

fireoTPOraiRd senuantiadiéy timgadd fregdsectdiomodiis are(u@dgegi anedw

t. re re, ase
54504 0y B PN BB o s con
Uﬁmmitép/ (mi‘aﬁdddiﬁdg Bhse%hhﬁﬁrenﬁfh@e RRRBIB S, %Blvfiﬁgiﬂ&v equations
vari ables i s nmodel ed by nul t;&l e realizations such

t"ﬁg% WEStWﬁHMWﬁ@CJWWbI@ﬂ hrate assEmbaiondtompeatemmete

d Mc .
vari g]gﬁahz?ec(t{[g? 'isli§ datmg% 5 \{Xﬁ%ﬁ%s?o %%%?lg%&g%ft %&‘?ﬁ \ga}n_ables
lismdmtapeddfyehe ﬂdwathtmnerrpl ary enbodi ment, ns is the

perneability at each cell of the reservoir nodel with
di mension of N being the total nunber of active cells,

Hatk R}Qﬁ 5 {40
B R0 VL BL S B LARRy an
|mc¢sud dislds thiat @lmtmdit@nplﬂyasedlled etatlobd:camaaﬁelﬁﬂd) o6t vagd @ithmhighe.
ter r 0 UCEnk%ﬂ r at % Sb
oweve approac atic vana les are updated with time and thus are

changing with time representing the absorbing of new information from the data. This
"static" notion is used for the convenience of traditional concepts), dynamic variables
(e.g., pressure and phase saturations of the entire model that are solutions of the flow

equations), and production data (e.g., well production rate, bottom-hole pressure,

. phase production/injection rate, water cut, etc. that are usually measured at wells).

The ensemble of state variables is modeled by multiple realizations such that

Yy =My (1)
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wi th di mension of Nd, k The di nension of the state
vector is Ny k which can change with tine tk to

waewonenesd or di fferent anmounts of producti on dBECEHUSL006/044155

different times. Nomenclature associated with

equations used in the present description can be found

at the end of this specification. Those skilled in the

art will appreciate that other static, dynam c and

production variabl es and data, other than

whereepgnis ittt enseantil@ipbeberafdhcsta vettatyataingos, ben Us€dn, are

wth and are within the scope of the present

Btﬁ%md dmantihearsblepyettprss trei/ ;srtb@wslumfonaiatarxaadtotr | Ioraqireferred
F is.descri %m?s f.ol.l ows |1 ow

BRI ROMZient g teerat br Gy ahgach &FH 9EMe gpervoir mode
OB P B b e S et
%?eﬁ' %étﬂl%f[lto I(‘E’?No(;}haSe, b (?e;) at Shéh & cetll (g/ltlhedtl‘x)égr?%crrgett %d%’x}# [Z at

e USE t 0 “‘genera an 1ni

mchmah astjoreibgiréseint, oibprg@asioatrits bh€ MatchBidaQetionSeecht aRlls
uentl al %JSSl n Sinulation, is used to generate

tqmp”\P%Sl?rg akr- A FTRATSORST e Aaie vesserie Noi Whioh o ehange
With il ¥ 88 2ot 81 difiBlen Pﬁﬁ&fﬁfst cﬁ{p%oélwtu% 8%% a n?fnldent times,

variogram to represent uncer
penrepalature tspocimtddvithefoatiensumed fn dfdalmweﬂtrﬁedai;ﬁmarc@n be found
initia

i | abl I nit. . I .y
31 Be ofif e winPudifiigny a5 el u38s R a hindinker o s e static,
d?ﬁe@ﬁ&%h@bbbduaﬁuﬂswanhﬁl@s £HANBE, 61hAHAR Bf B ifntd Bl and

for each realization. If, however, initial variable
dnte, mpy alsehe ssedayifh andtaes withio ihalsdope pBibe pemserténvengion.
ensenbl es. Sequential Gaussian Sinmulation is further
descri bed in Deutsch, CV. and Journel, A G: GSLIB:

@ho stepiblysdtdpeibeeSOb Md@udﬁabEﬂ(F 159&‘3015&%%8 ?ol@wsd(gee g,
edition, Oxford University Press, New York, 369,

{oflpgvingthe splid age®): step calls for a reservoi r
simulator to performforward simulation for each of
the realizations until the next point in tine where

mew Neas filtene iisalzbd by ?&%@dﬁn@ﬁnﬁﬂ dhs@hBle@¥Rdthiabing and -
are to be assim | ated ., t +O The state vari abl e

vect oAyagpiey e‘f’tﬁﬁﬁnﬂﬁge FRAO ﬁ)mdélé@@n datyavailablenbthedtarting time

(t). There are a variety of methods that can be used to generate an initial
ensemble. In this exemplary embodiment, a geostatistical mefhod, such as
Sequential Gaussian Simulation, is used to generate multiple (200) realizations
of the permeability field with given statistical parameters (histogram and
variogram) to represent the initial uncertainty in the permeability model before
any production data are available. Initial dynamic variables (i.e., initial
pressure and satufations) are assumed known without uncertainty. Thus, the
dynamic variables are the same for eachv realization. If, however, initial
variables are also uncertain, they should be represented by ensembles.
Sequential Gaussian Simulation is further described in Deutsch, C.V. and
Journel, A.G.: GSLIB: Geostatistical Software Library and User'é Guide. 2™
edition, Oxford University Press, New York, pp. 369, 1998.
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by y[ h ;-(note the values of static variables ns at
the initial and forecast steps are the sane).

wWO-200e061586 Ng creates the ensenbl e of new dynanPCI/E82006/044155

production data at the given tine consistent with the
initial static variables. The Kal man gain may then be
conmputed as: Gk Cy Hk t (HkCy kHk t +Cd r (2) where Ck

oo LNEnKal0nm: 84 ik o bl il Gl % 8 Bt TRl Ko PRE Al Ofotion

ates t e vec
Because ead:teoiithe cbahtatmns d:aﬂ ahetiext paint mqué Raestaie
vector as i formof Hk =[

r’%ﬁ 21 isint h? Q\IT,
wher oA EEREAER 1(%99 fita eRg RS0 IR 3G 18 ot prstvated
zer os(és, 1k11§ ﬁﬁtsfa'teeﬁana{)le'v%ct@r ek Ifuﬁim&?th‘é fbx@@:mlh%% denoted

matri x . The superscri pt denot es fof ecast

that bhelya (measthawauennmmm fegapldshe; &ikainata0 anmfr&aﬁ steps
Kal man fil ter updating. Cd k is the covariance matrix

of predube sanme)d&trecaetnrrgaareamtthe ehhsamibid Gfhedf dyNddec aid K

and is di ce it.is assumed.that the
pr odum%% «f‘aéa %rﬂiT 1yenyfige F‘Pﬂfé*&‘é’ﬁ&’étﬁtthe mitial sfagc yareables.
covar Tﬁ@K%lrﬂﬁigdni(mfaﬂheh'E%c mﬁ gqyariables at time tk -
t hat coul d be estinmated t he ensenbl e of

forecasted results ( yk f J ) u3| ng a standard

statistical nethod. fl not

linitation, one such &tati st"l Yﬁet‘ho&a" s provided (@
by: V where Y[ is the ensenbl e of forecasted state

vector at tine t with dinension of N,k xNe (Ne is the
WiheTse®, isfthe Baliergrindistinn by B ieasetbl ejeratkthbizelafe the state

mean of_ the state vari ables which is a vector with
APHHS tagprgfugipn data. Begspsedhe quu@ttm data 4re part of the state vector

e ot hod cou d )
\g%soﬁggi)ﬂgye‘ag gln%gg&rnen%h hi- iém @és gENd’f ‘*f 4) moatrix
with all zeros as its entries; I'is a N, , x N, , identity matrix. The superscript f denotes

forecast, meaning that the values are output from the simulator before Kalman filter

updating. C, , is the covariance matrix of production data error with dimension of
N, x N, , and is diagonal since it is assumed that the production data errors are
independent. C }{ ¢ 18 the covariance matrix for the state variables at time t, that could

be estimated from the ensemble of forecasted results ( y,{, ;) using a standard statistical

method. By way of example, and not limitation, one such statistical methods is

provided by:

1 = -
Ce=5r W =¥ -7y ®)

e

where ¥/ is the ensemble of forecasted state vector at time ty with dimension of

N, xN,(N,is the number of realizations in the ensemble). Y1 is the mean of the

state variables which is a vector with dimension of N ,.& - Those skilled in the art will

-11 -



this invention. Wth Gand production data at the
assimlating tine step (d ), the state variable vector

w0 gsoovhewsapdat ed as: yl =yf , +Gd J -Hy J ) (BQT/NS1086/044155
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that random perturbations are added to the observed
production data (d) to create an ensenbl e of
production data set with d being the j th ensenble

@5@%&%@ e’ﬂ%i\/‘. g)g]g‘ g‘taihs%cal Ilngtﬂ?%s:c%gln r]]srgrgotfe us%d Fu%‘ gre Fktl% gle.,scope of
Mo idveytioddat her Revi ew, 126, 1719-1724, 1998 showed

that the variability anong the updated ensenbl e
menbers is too srrall if no random noise is added to

the pr\)@c&yg hﬁ’({] onEﬂta a(‘. @ aﬁgﬁllﬁ&?ﬁ{éﬁgétﬁﬁkﬁg t?%l state

meani ng: tHe e part o e sec

right Vaﬁme%&&lgﬁ]ehmgdgaﬁser ence of sinulated and,
observed production data; the larger this difference,

the larger will be the update applied to the initial
state vector. If the sinulated uction data at a

gi ven realizati ofei syemhgk(‘fko ‘t}ﬁe}’xobser ved data, no “)
update will need to be made to this nodel. The

covari ance matrix after updating can be conputed as: s

ool ool ttRAR 1400 1d 1€ oBEAR pE&IREn BhiaTBCS Yo
realzatlon in the ensenbl e I's consi GO &
t et dRSdnsEble %@fgro‘&ﬁ@%&a‘taf’&t dahay ( gém?ﬁg Jthléﬁs&rﬁ?ié mtefn%@r

step can be rea where new prdductton data ar

AYabbRG eydoreeaneh B Iy a&ﬂd%ené@ﬁeGS t"ﬁh?lgéﬁ@ cLRRAR t}?er énsemble

advanced’ in tinme as: where I's the reservolr
Katmaafitser," Mpoﬂni}E&}@ath@lee\am 126) 1719170401998, steavedtthattthe

b e
p&fdﬂgdltbtth@ﬁroda&tﬂ)nﬂa’fao Eg a({él?hds%ﬁﬁ@ﬂ%@hcal%@a@nngb Bfelecond part

nodel and producti on a errors aré uncorrelated in

t ¢fitee seppnd tepe pathie gt karid side is theghierences aftsownlaied apd Gbsetved
fﬁ"o!i&‘%l@ gatg;htﬁe isa?éérctihlg Gl en‘ce,-me larger will be the update applied to the

initial state vector. If the simulated production data at a given realization is equal to
the observed data, no update will need to be made to this model. The covariance

matrix after updating can be computed as:

Cy,=(~-KH)CI, .0

With this updating, the state vector of each realization in the ensemble is considered

to reflect the most current production data (4, ) and the next time step can be reached

where new production data are available for assimilation. The state variables are

advanced in time as:
Li=FOL ) i=12, . N, (6)
where F is the reservoir simulator. From Egs. (4) and (5), it can be seen that the

updating of the ensemble is linear and there is an underlying assumption that the

-12 -
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production data are incorporated into reservoir nodels
sequentially in tinme as they becone avail able and the

wepeentless of reservoir nodels are evol vi ng W t PCT/UR®06/044155

representing the assinmilation of nmeasurenments at the
given tinme. Wien new neasurenments of production data
are acquired, it is sinple to forward sinul ate the

' t . C '
it gt e, T RS SBLRPCLOL AL RIS

Tec and per
proslugivondatagredry siesmt@raigadingithtie st ate vector in order
to reflect the new data. Each assim |l ation represents
some degree of increment of quality to the estination
The beaell Volli-{16W &€ EnkFhesibear 8 F1af 1 FdloSvih ke 80BN irrows. The
depends on how nmuch information the new neasured data
produgiien datgyare megeporaterbingo jeservioir models seusntaally in hiane as they

' 2 orikginal starti.ng.tinme
BERGRSSfitle BHhe AR (DT BRI Pl Bl Mkt
wyeesenating the adsimaitktioh @f aleaklirsh ety atthé SRR PmeSWakh Gew
variables are. treated as static (not varying with

o oo

CIRECRAYS &) rofiedian detp oFe araphed iids pandmiedorward simulate the

: ' - . t G i abl.es.
Fhmsanseustsino0e % sl BLURCH LY BRGFIg T
enll¢atesl dnidpedonyn tetabdiergpalyais to opdate the gt wdton $i txderdol reflect

O B S0 P o8 S gl 8 s el te

@StimAtn PX&ERLR mddee Thaliegkt BMhRahiRREAT de?&%%%owmﬁch
EnKF can be built upon any reservoir sinulator because

iipfogpatipntqmavy measured dota ip garsying. Eiwe, thénoud mt weed (T btert the

[ bl ack .box.in.the proce of EnKF.
BB et A o R Al R E o B e mew
sicqitedidatahaherbasathi thaditivalal Bistee) @BlkchidaSeaidasiheey are. treated as
mat chi nmet hods where conplicated codi ng of

SkHE i?liqu g’ PpAngcEteiimal angrpdl nradyckign date arefrptchyidisinapkéancously
il f .the
?I%fr?xr‘gloﬁ& Q4 df Qgt‘?c §E§. A\yg?xi]{ﬂgresaggﬁééf m%g&??xgﬁﬁ@eeefigd {%‘téei

ator 1s needed. er advantadge O
inhatgiredytihel exstira histmg smatrhingdfas Nebd @penraisingmbels Teladdntage

ich assimlate up-to-date production data with the
b e BRRF T vius 5B oA imtheh R Rhengei el Tsbigh ne for
ERhinbie"Be hith ﬁgﬁ{}%ﬂﬁ%n)frgén%:spn. is very small conpared

to the flow si [ ati on isis well-suited for
uncertainty analysis

The EnKYF can be built upon any reservoir simulator because it only requires the
outputs of the simulator. The simulator acts as a black box in the prowcess of EnKF.

Thus the coding of the EnKF method is significantly simpler than traditional

gradient-based history matching methods where complicated coding of sensitivity

calculations is required for different simulators and access to the source code of the
simulator is needed. Another advantage of EnKF is that it provides an ensemble of N,
reservoir models all of which assimilate up-to-date production data with the computer
time of approximately N, flow simulations (the CPU time for data assimilation is very
small compared to the flow simulation). This is well-suited for uncertainty analysis
when multiple reservoir models are needed. With traditional history matching,

however, there is a need to repeat the CPU intensive history matching process with

- 13 -
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when nultiple reservoir nodels are needed. Wth
traditional history matching, however, there is a need

wo o00repwsd t he CPU intensive history matchi ng PCDUSNE6/044155

withdifferent initial nodels to create nultiple
nodel s. Furthernore, EnKF is well-suited for
paraIIeI/di stributing conputation since the time

réHt' %ﬂal%o%ﬁ%@ 'gpela .rﬁlﬁﬁ e\ ﬁr%lle?m%{ Opﬁﬁtﬁﬁi F/%ﬁ lsMﬂed

|nepe ent . traltlo Al n as ap
porglataiel/ dltstllibutipgifamﬁﬂltajiyonamce theatithebl ddstiontbfesegnble reservoir

r ure an ations) using Eq. (4) may not be
&ﬂ?&f@ﬁ??@fﬂﬁtﬁ %elpﬁﬁdo%d may be inconsistent with the
updated static varlabl es ns (e.g., perneability) of

the same tine. By "inconsistent” it is neant that the
J6p treflisingal ginkies ﬁlpéwn‘é@hpawblmstm@pﬁge@dyr@sm vagiables my

' d st at.i.c arl | es ar
B bR PSR AP B A AR B o
fnidytberincoblsisteni Witldthe vp@atéd ﬁaﬁ@@dﬂabfb@&n ek U?él‘rdéﬁﬁﬁﬁ@) 3@ the
is linear, whereas the flow equations are non-linear.

R HEca B cponststanh dt ismaesahthat the soluiions, of ke e equasiaas using
%trgs%rs}o"}r ﬁgorﬁ)gseﬁ I?)ﬁ t%a%'s&lﬁc élgx?%;l ?gﬁ?ﬁﬁjﬁe ?r%laq e

ormng step”, ‘to ensur
(dlynzamcwaaaidessumlaﬁed by zﬂrel fﬂlﬁréﬁlla[seimmﬁleiﬁc& tat Kﬁhﬁaﬂiﬁﬁﬂﬁtmg is
iFldatiﬂgﬂlemehdutiIiZ| E‘?ormng step" is
iFdst Of|cgratipn wal @eero OReAShErt 8t Bi5 PEFFEMN
i eSO 2AAiHONE step N R1EBIIYQM E'ﬁRlF vplﬁcl? Qfaﬁ'b%‘i{efaﬂted fPas a
foIIovvs (a) starting at tinet the current state
veetformipk sp', i edyurstibat ithe lmddtedﬁryaamxc and siatib besables aand -
mgnglstgnte used to forecast (forward sinmulate) a
forecast ed state vector y{j at a next tinme tk+i which

i ncludes static and forecasted dynam c variables ns , m

and a_production forecast vector df ; note that the
sﬂhﬁtﬁné&/‘md%laﬁ wethed yilizipgthe 5 ¢<@1far§rtlegl step'ais dllusgreted in FIG.f1

l.e d ] )
J\/V&élr P lcgrgfoﬂﬂlﬁg @t@ﬁ g%oéirf dﬁg&&geﬂetgga 0 %1? &eﬁg)?%% be carried out as
follows:

(a) starting at time t, the current state vector y, ; (with static and dynamic
variables m_ and m, ) are used to forecast (forward simulate) a forecasted
state vector y,{ ; at anext time tys Wi‘liCh includes static and forecasted
dynamic variables m_ ,m} and a production forecast vector d” ; note that the
static variable m_ of the forecasted state vector y,{ ; remains unchanged from

time t while dynamic variables m7 is changed due to the forecasting

computation;

(b) a gain based upon the measured or observed data d and the forecasted

production data @/, most preferably a Kalman gain G, , is then computed

-14 -
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conmput ation; (b) a gain based upon the neasured or
observed data d and the forecasted production data df

WQ 2000061686 ef erabl y a Kal man gain Gk , is then PCT/US2006/044155

conput edutilizing the forecasted state vector y (]
I deally, the Kalman gain is calculated using Eq. (2);
(c) the gain is then used to create an updated state

vector .y k" J incl udi state variables. nf and nd". ;
pr ef epg fllég gl}eh]ﬁgecgsg%ig%t%‘éec " Yy I‘%&h@’c@é&%ﬁ“@t%ﬁ%” calculated
vect ofw tg_@%jlizes Eq (4); (d) the static variables
nt from%t p (c) are then used to update, i.e.,
replace, the static variables ns in the original state
vector yk to create an updated state vector y
®ncl thei g sieenpsadiceareate an idaledrstaibyestomy, andudihgstate
original dynamc variables nd ; and (e) a conformng
f or ecastables peafdomfrepkefombly,itlzis npddting ofi fidabedassédadt e vector
vect or .at timet , to produce conforned state
vect oryiyuklizesdq #);me tk+i - This conformed state
vector y ? at tinet +\ is then used for the start of
the next assimlation step. By adding this conform ng
iéfp to a conventional ensenbl e Kal man updating

hod SRJiF, varipblps mg fropy dep (chate theveusad dninsates .ot teplagndhe
dynam c .vari, gl es are consistent with the flow
equat FGHE _vaq-aﬁ) CScBs tﬁ% oBSIRY $HIG YR§isT Ve crepts anjypdated state
conmpared to the non-conform ng traditional EnKF
Howev ¥ECtos i Hneluding therupieigd stelp variablss treh antbthie osdkinel dymamic
i nproved results are obtained, particularly for the
time WAS#Plesher eangr e significant variations in the
production data, e.g., when new wells are added or
shut-in. The updated state vector using Eq. (4) is the

t i ' . | £ rlance .
R S e
under kayi i f ating.is. that the
stateh¥gg’ggﬁgg?g%%ﬂgﬁgwgg%§$§%??dhdgﬁ?%?%“are
unbi ased and are not

This conformed state vector yi,at time ti+ 1s then used for the start of the next

assimilation step. By adding this conforming step to a conventional ensemble Kalman
updating methodology, it is ensured that the updated static and dynamic variables are
consistent with the flow equations. The cost is a doubling of the CPU time compared
to the non-conforming traditional EnKF. However, such a conforming step is often
desirable and improved results are obtained, particularly for the time when there are

significant variations in the production data, e.g., when new wells are added or

shut-in.

The updated state vector using Eq. (4) is the best linear unbiased estimate (the least
variance estimation). Thus, it is a linear update. The underlying assumption of such

updating is that the state vector errors and observation errors are unbiased and are not

correlated. Also, the updated state vector ( Yi.;) can be expressed as a linear
combination of initial state vector ( y,{ ;) and observation vector (d, ) that minimizes
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m ni m zesposterior variance. An inherent assunption in
all Kalman filters is that the errors in the analysis
step are Gaussian. In practice, however, the flow
d
4B TRARHE R AR BoTPOlBE  BHEhe crrs
|thﬂ/%1gP}181@ is{epane Gplpﬂsmachl practicathoegueasthe flovaapatiods dndimeasured
{élﬂlane%“ t{ aﬂ enetcal i nverse probl emthrough an
yl%éls% ﬁéﬁm TPU48%pi ng updating. This outer
|terat| on process is introduced within the EnkF
updatjng step in order to reduce the effects of
6%@%9%@@8@6:%@@% preseny duireptiom 88 appreachHs @itrogjcedmheccount for

SR i 160 BB S 5 LB P R

tdpéatngx'fhﬂs onter {terktdn preSéss ¢s intrediesd wethin the BB FURERNG step in
gﬁ gégal mapn gai n based on the resultin
f06 & Eod pﬁagtg efts f Rqsmgle mqg)gqeﬁ’rgasgqnpt(ogls {gee F@@) . The

%éﬁdg&ge&ﬂlﬂéﬁtﬁﬁ1§£safo'.lllé'\2§3ar ameter (i.e., using a
formul"fa simlar but with a danping factor
included; y =+ [(dk | - Hky{j) (7) where ak ' isthe
npi n net er t ti tk at_iterati i With v

B e R BERA 3 SrgRiipte st il Penofek ohemen P (o)
tk at ubﬁqglt@du%ntstdtelrectw ~ updated state vector at
time tk at iteration i; " - the Kalman gain at the
|th iteration;dk ' j = observed production data at

I B Bhald eyl el e i B PR gy

vectorEqa(Z)DJ me t ; and y{J forecasted state vector at
time t at the ith iteration.

(c)  updating only the static parameter (i.e., using a formula similar to Eq. (4)), but

with a damping factor included;
Vi ;H = Ve J o+ O‘LG’ (d;c H.y; ,) (7N
where

a, is the damping parameter at time t, at iteration i with value between 0 and

L

Vi ;“ = updafed state vector at time ty at iteration i +1;
y}f’j = updated state vector at time t, at iteration i;

G,  =theKalman gain at the ith iteration;
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W@ povaboetsBon fromthe current (i.e.,

(d) taking the newy updated static paraneters ns
(i.e., perneability and porosity) and run the flow
t ) to thePCEKS2006/044155
time (t +i ) again; (e) conputing an objective
function (nean and variance of all nenbers) which is
preferably the nornalized squared-root difference

bet ween the observed and si nul at ed producti on dat a;
and (f) if the nmean and variance of the objective
funct] on + sbsenied pratuktion dhant tithet.pt the sthtitevaiones, | oop
back to step a). O herwise, if the nmean and vari ance
of objective function are snall enough, or when the

reduction of objective fupction is too snall, oce
to t e nexMadsPRAraiaE ﬁ%awegfeé&aterf@t%éwvgﬁﬁ%dgga 3%
static paragetgg and the conforned dynam c vari abl es
are used SE'WALME Sy fihg/initial state vector for the
next assimlation step. The danping paraneter "ak ' "
is nost preferably selected by a trial and error

et hod; f or fateéabied sthate Yt laetime tBy thedth itdratioanpl e, and
not limtation, this danping paraneter may al so be
chosen as 0.5 as a starting value. Those skilled in

TS ANUNONE A ER S MO S ] ok

Wi t higRd HiRGhSAGP Sint IR S8 Me dutéBiNt.boR.) td iR deRtiahe gm )
static variables are used to re-conpute the update

dynamganyvari abl es and production data, from which an

obj ective function is conputed. The objectivefunction
represents the difference between the observed and

(8) Mulcainpating MdbfEctionfiiation (Menané vakaupbeall inbmibers) which is
obj ective function_is conmputed as the normalized
squarEderblytheroamabipadrsgpaRe-Eod étffs*é@we@ﬁ%ve% é@rq%éawaﬁ gnd

Si w's?ﬁﬁ%e?@foﬁuctﬁ%a{at, gﬁdati on is continued until t‘he

obj ectiv nction 1s’'small enough, i.e., within
predeterm ned criteria, or when the reduction of

@r ¢ oo ey pbvegGpspt Gr ey e upton ng Sinelifdhgattie

g‘; e\? rﬂgﬁgctt igf%ﬂg[gé; WopHaOPtRlied €Okt BE 8RR Emd P&iance of
objective function are small enough, or when the reduction of objective
function is too small, proceed to the next assimilation step. The newly updated
static parameter and the conformed dynamic variables are used as the
starting/initial state vector for the next assimilation step.

in

The damping parameter " &, " is most preferably selected by a trial and error method

for different problems. By way of example, and not limitation, this damping
parameter may also be chosen as 0.5 as a starting value. Those skilled in the art will
appreciate that other means of selecting the damping parameter may also be selected

and are within the scope the present invention.

The updated static variables are used to re-compute the updated dynamic variables

and production data, from which an objective function is computed. The objective
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This iterative updating process will be tested and is
descri bed bel ow using an exanple to illustrate its

WO pan6168d the results. This iterati on enhanceP@®nUS1086/044155

needed only when significant flow behavi or changes
occur, such as at the early production tinme or when
new wel |l s are added or shut in. For nost of the other
ESsehibh kdréRhis thd B FereAddi iy &Rathe bt 8HAH LA §inﬂﬁ£e<{‘§1toduction
necessary. The criterion for whether or not to use
dAlésas preexamipdh sheatbjestivh fumsBpmris| catripoted s He oamaleds et

. L cal i ' h i.mlLati . .
S0 B TBEL A P, I8 R B8R 3 P i

retoneianed el sieabjcatiecfunatisch wBAGNAcLINA] &1ESithif préle@@mined
the traditional EnKF updating nay cause problens

SEteEGs Bhen theradpaton ot gisais fuspilonus tasgmadld Typiedky, these
FLSEAL AT, EBnadute L r L OSAE EENS il B i
ateprootespeviher sdpn t he updated static vari abl es devi ate
fromthe true or previously updated stabl e val ues

significantly. EnE F is a Mnte-Carlo nethod which
rlid @t dpdstiSBoks #ill 4 @88 lﬁlﬁcﬁfggllet?cﬁ@@& bélSwng{H%%eexample

the requi.red statistics, as we deriv
dipdbystratie s ympach en gherrpurtat Thastieratidif ¢nbiaeseoentis nEed€d dndy when

t ' endent on the .size of ensenple used in
R b BT RS e B iR o B Pt R of When
In@tvgeel Baiphdded o£sHUO In. For mearadid diBertaBEmARNG BB 8dditional
f.unctions needed for the EnKF updating, and nay cause

fiferalions gie\pet Bropwsary- She eitedomEpy avhsenpr nah 4 use thesedteraions at
I e S ' . rel e. assess. of ..
SPLORRRARR theed Be b HERBG A1y Wb I AR iR TR Sipdlation
qﬁr(ﬁderé. @]udhemfo;d,:.lﬁdﬂ%hé &sfsf)whdmhrer\éﬁtdhbfbémﬁ%ﬂ b sitfiried and
sanpl i ng: so t hat smal. | er  nunber of menbers can
5?%%_@% Loy e D ekt upghting mgyusepTplolss bpeause
ro SiH lidedadstinpRire U§fng Blh&tibhdi titgtfatild %ng g:gug@&xg ?xgﬁhr(e% effects
sanpling a given random vari abl e for efficien :

wnd dntsaeditey fifeofaggtriconFitter divérgérice nefarseo aysickabligsrein the

PR il P ek PR B e o Py Bt stable values
Kasnfiadaski s, G E. @ "Mdeling uncertainty in flow

sinul ations via generalized polynom al chaos", Journal
of Conputational Physics, 187, 137-1 67, 2003 .

ﬁ’rﬁ&ﬁ 1%aatl\i481r{lcc- ‘arlg lflr?etghoraevgﬁc ?elife:g crm etuisgg% a lea%:ea n‘g’eurln teisgtnto
compute the required statistics, as well as the derived uncertainty. The computational
efficiency of EnKF is thus heavily dependent on the size of ensemble used in the
calculation. Too small ensemble size results in large sampling error for computing the
covariance functions needed for the EnKF updating, and may cause filter divergence.
Studies have shown that a relative large ensemble size is needed for reliable assess of
prediction uncertainty. One approach to improve the efficiency of EnKF is to improve
the initial member sampling so that a smaller number of members can provide as large

an uncertainty space span as possible resulting in more stable filter updating.
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i nformati on contained in an input randomfield and
out put random fl ow vari abl es have been eval uat ed.

w@aromme168 , Durl of sky, LJ. , Aziz, K, and ChePCT/U$1d06/044155

"Efficient real-tinme reservoir managenent using

adj oi nt - based optimal control and nodel updating",
submtted to Conputational CGeosciences, 2005. Such
WRERRY Sor' GABIRE a LRN | b1 i i oati
indepeﬁaent??€%3§ anﬁ%@-%gg1%%5%%%9§%%@g§§%%§%5pSXM5nmn
sgeatlptzin ayo ryalabieesiichan thempofymostidl ehadsyexparsin @pretfabilistic
independent rapndo ri.ables is.required, e.g., a
AR BataRin, Bl i fangs i B R i g oty P flong

Gtilatlons vANEn&hliX@polyhoRial chiRRPAGAMBE & (ilc%ﬁ%dt&’[fbnal Physics,
technlques for generating reservoir descriptions
i

¢8hdBYil6het)0BoAplietignr efsuahthetiods faroptimpt emsprutativatod” |
1413426 95 . Thi st f ]
PRSPl AT AR S P T P e 55 B

becdese evdluated. [Sarhq P, ehgRikke| US. 9z & JRMVEROW H.; "Efficient
caLcuI ation. Evensen, G: "Sampling strategies and
EGUHIE TPEBTOIaRaRagsenids g RelpIH dias timpk Fontrabgedimodel

LT : e l.g0orjthm t o.
i O e O OB 00 SP Rl the
oidginnatiablas ere independng tlsmta, matboddiedy difreprs@mmhea spatial
st atlits iﬂ%@ [ néquodug)ed by, t&e%‘%?i gi nal | arge ensenbl e
SUFIYPE rapdpe Topshondy aserrs olfiedaReRdeat e Vagtesds gegired,
BReQ Wikl@hienchaT@06 (ILRY n%{@ﬁ‘siﬁ%l{e%@%ﬁ, Alargd Rl pmpfpe

sanme nurrb'gr of ensenbl'e nenbers by ran orfy sanpl I Aig
Higes DR PRepgranprirization teelmiques dorezenerstimpteserboi tiescriptions

' Y. Y, and i Ve . S,
PRI R ge Pt g VoSBT B I R 26, 1995
daisaypepdfioparativh és wsIBEnguldibRBR b Fera BRROKER because it
saﬂ tted to Jourpal of Petroleum Science
SRHdrheerIvialic apd genviagios calelplien. however, requires the
Si ngul ar Val ue Deconposition (SVD) which is
conputationally intensive for large systens. Al so the

Efexis_amrtp[!}.'t t‘ﬁganqﬁjngcstrgwgiei; ﬁifsqluale m@otra_ﬁafytgg bquieh@@fd%fg?é BEKE",
at | I CS provide e larger 1nitiral ense e
ﬁé%@@m %40’ i5§g-éé%§f>ﬁ6tpr@w6fgm algeyithirie rererepleai smajler

' . - ' ch .
e T ARPEOP T AT Ak DAL R PPERY Yo astcs

spedned Hyythe hegipaldeige enssmbper etbre kicpin® hat\bédn shbwws that this

' ive in mn sinple re-
%E,Jth%%tcan Srowde a lagger gncertgﬁ

ty space tﬁgnnﬁlla’é frr]gm the same number of
ensemble members by random-sampling from the prior pdf and can ensure a stable
filter behavior. Dong, Y., Gu, Y. and Oliver, D.S.: "Quantitative use of 4D seismic
data for reservoir description: the ensemble Kalman filter approach”, submitted to
Journal of Petroleum Science & Engineering, 2005. This method, however, requires
the Singular Value Decomposition (SVD) which is computationally intensive for
large systems. Also the re-sampling objective is for the reproduction of the statistics
provided by the larger initial ensemble members. Thus it does not account for the

uncertainty space of production data.
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scheme may be used which is based on the ranking of
the large original ensenble set. The nodel ranking is

whamedewss t he nost varying production vari abl ePCTH82006/044155
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foll ow ng steps may be used: (1) at initial tine tk,
generate a |l arge ensenble set with size of NT ; (2)
forward sinulate each nodel to the first assimlation

tA Ii’@sa)mplﬁ@)apfmoﬁ&l idhﬂl}fmféhld\wwﬂc&gmp fd?%ﬁﬂc%ﬂaﬁ%l s%a@/sp anned
ggutl ng he coefficient of variation of éach

%e@aﬂloalétr%fhct(%f Walhihis Rliesive iniad. asamplé renampling
I [ t
“%32%“?%’ B D A e A T A Rl Moy st
o"f‘heea@dtl mnlsimlg i¢ based Bh Gic 185t viryjnggaoplcdon vamatld. ahe following
nber of lizations (Ne) uniformy fromthe cdf

o Wén"\g) (gl n the correspondi ng nodel (see FIG 3);
and (6) use the smaller ensenble size (Ne) for the
proceedi ng assimlation steps. This approach is sinple
il eadinitd timplk.caeperatod latgie gnsemplasekvith. sisByofddi ng so,
some of the initial nodels that are too close to each
other in terns of their production responses are
e@y entibavdry siehilate BadhadodefMcse fibst RAUBIAIRM tHAL B ,9)
directly used for the selection of the initi aT rmdels
The cost of such process is N - Ne flow sinmul ati ons
f romM the anmpl.in
| ©F et o Ve i pAAHEIARLD Grlidhe byl BECR e or
assi mvaaaulmoﬁaanlepmﬂdcﬁdmmw;ray be i nsuffici ent to
accurately represent the uncertainty space for the
entire nodel. Mre sophisticated ranki ng met hods nay
b@) us agni BeNRhGWE bﬁéﬁ oﬁftﬁé £b& Qf&éoﬁ/lr%f rg@dc%loﬂ kB aoaﬁﬁ RravPy
way of exanple, and not [Iimtati Hhese ran
met hodgmmlajm distrathutide fencgion (sinirve bagetl mhﬂ&lrmﬁmﬁg ofigach
si mul at I%Ef_ o%gls’éyul ation on a coarser nodel
grid. EXAVPLE 4A shows a 2-D geostatistical
reference field (50x50x1 grid with cell size 20 feet x

20 feet x 2 feet). The nodel is generated using the
(5)  sample a smaller number of realizations (Ne) uniformly from the cdf curve to

obtain the corresponding model (see FIG. 3); and
(6)  use the smaller ensemble size (N.) for the proceeding assimilation steps.

This approach is simple and easy to implement within any EnKF. By doing so, some
of the initial models that aie too close to each other in terms of their production
responses are essentially eliminated. Also, production data are directly used for the
selection of the initial models. The cost of such process is Nt-N. flow simulations
from time ti to tis1. A drawback is that the sampling is based on one production data
at the first assimilation time and thus may be insufficient to accurately represent the
uncertainty space for the entire model. More sophisticated ranking fnethods may be
used to improve the efficiency of this approach. By way of example, and not
limitation, these ranking methods might include e.g., simplified physics flow

simulations or simulation on a coarser model grid.
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Sequential Gaussian Simulation nethod. The In(k) has a
Gaussi an histogramw th nean and vari ance of 6.0 and

w@2®7/06w8pecti vel y. The unit of perneability iBCT/US2006/044155

mlli-Darcy. The variogramis spherical wth range of
200 feet and 40 feet in the direction of 45 degrees
and 135 degrees, respectively. It is assuned that an
injection well (I) at the center of the nodel with 4
production wells (Pl to P4) at the 4 corners. The main
features of this referenEXANRLES are: (1) a high
perneability zone and a | ow perneability zone in the
m ddl e of the field, (2) high interconnectivity

BEG iehowlal 2-b g@@ﬂat‘i’ﬁl:&l r%erené@ﬁelhﬁ%%@&?éﬁ@ DREGell ey
bet ween well | and wel |l Thi s“ref erence

£ &rctix 29 fechn i fert). ddre anpdehie sonuraiedseg theand the goal is

SR A SRR A TR RS BB o B

arapasbidiatce i) aresRoMebgectisly. Tht uglt by pGaledbi@terd W th
(o] vvlth constant initial pressure of psi at t he

-Damgg Thejvaregam lwhmﬁ%@l&b@ggwﬁ%p%% end 46 fereétrethef
Zﬂ&téﬁ%&ﬁgﬁi%%%gng éﬁﬁ%yép R?%écﬂ%lgoﬂt fs RBlrre O&‘t@ {8 tion

cont r ol producers ‘are produ
setisl)anthetcottet ofitind modelofit20 Pro@udiot ayelsi(P htaP4)i dﬂufa Bldtners.
control of 4000 psi. The nobility ratio of water and

oil is 10 and standard quadratic relative perneability

TYE ¥R Rht@rdd %@ﬂllé’\ﬂeﬂﬂer?c%rﬂéld ﬁé*d(qi}@hlgﬁ%tsﬂﬁ@abﬂﬁg 25 arfdl d 1ow

and wat er. n@pes& bility and capillary pressure are
pemneidity Fungvn die mufdleiod thei ficld, (2) ltigh inROcamystivatybetween well I

P et iy R e RS motneR S tend Silphy B P ™
pefodhied fivgd i&&iohﬁdéié@aﬁh@ Wile ifddEl 691 thd 6BA1-4€ 1) rec b BctrBrvoir
f ast vvat er breakthrough and hi gh wat er production

edy) 1ealgime prodpetion dagn; ttRBarews close tortba kb fioldgs

B§$M§ late with small WPR and the BHP of this well

rops to mninmumcontrol right after production, due
to the | ow perrreabl ity around this well as well as

g\w connectj vyj between this well and the
P ESEPIT THgitRdY é%té%@ Wi o ith cpRsjant indtial, prepsungeif|c08@ psi at

Hﬁaeco (}‘Héelg(s@cg)nqryéqultai??s %mgs%x? ird Eieon r$¢F 5f ﬁ/ﬁ)ag With a

consi as tr s assuned € neasurenents
ofaxBrEn bARRn-hole pressure (BHP) control of 10000 psi. All producers are

producing a constant total volume of 200 STB/day with minimum BHP control of
4000 psi. The mobility ratio of water and oil is 10 and standard quadratic relative
permeability curves are used with zero residual saturation for oil and water.
Compressibility and capillary pressure are ignored. Flow simulation is run to 720 days
and results of BHP of each well, as well as oil production rates (OPR) and water
production rates (WPR) at producing wells are shown in FIGS. 4(B)~(D). Note the
fast water breakthrough and high water production rates at well P1, whereas for P3,
water breakthrough is very late with small WPR and the BHP of this well drops to
minimum control right after production, due to the low permeability around this well

as well as low connectivity between this well and the injector.
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and WPR at wells are avail able every 30 days up to 720
days and they are directly read fromthe true data.

wab®7stmeclar d devi ati ons of neasurenent err or SPET/ESR06/044155

psi, 1 STB, and 2 STB for BHP, OPR and WPR,
respectively. Gaussian randomerrors are added to the
perfect true production data to create a noisy data

T8 refbreR&S beHR i TE tﬁ%] %11\&%2!& shhQaga %%Eidaggggipgg)PR

measurement errors is en added to the’nol sy
EReARR)Ap censidends] as tath dotiisesjuoreddbe meastrenentt ¢EBHP, OPR

N S ar ner at usi
RS S R R SR e R R ARG A B B ooty
sedEfrdmh fiengreatnaite standaeddanatiags bh@eifaiainegolsiatd Tpsi,
t 1S assumed that there is no hard perneabilit

| ) Y
aviit apt ¢ Slithips BAH, OPR) andal PRotgenestively Gavseinr randemegrrors are
PN

SRAH el ML Ao £ e RS o2 SR plulat

pedsewitk thechamiervgritives &Eniedsurepatat érngs isthéredddea k@ mefss data
orosity :%%82, relat.i vg perneability curves, initial

é&‘é@%tﬁrag cnseEBOEPIUCHA dptAi t i al water saturations =

0.0) are assuned known wi t hout uncertainty. The

ensenbl e of 200 initial perneability nodels are input
A9 kel Ersemblanf parecabdpmedels ereegepengted Misigyise

i m..l ating. t bserved pr ction.,data (BHP, OPR
S SRS e AL LR Gab oTBhn o
nige Hete@érideifely. Ifik &Sumbd et thEde idhd h%?%nﬁéa)oﬂﬁg@%ﬂahﬁe, thus all
variations.of nean production data (BHP at Pl and WPR

anitiggnodgls sreupepndiienal Rendigensd Fiarudatiostcan lapsed when there are

i atd ' o ' from the 200 mqd
18 B RIn P UM FELARU ol G R pRa TR
mpdatirtge Odltelr papmatets (phwwsity 005 edativieqieahéabditiFatdves, Feikial
the iterative. En(fﬂi,g. maxi mum.of 5 iterations is used
WA Ao e S & febatisr sqjungtionsi= (. )arp @ssuneel kpawm ithout

tiaGertai@ gl TheanRmitzD gfzmhﬁﬁ?%%rhf%%ﬂié{}g%@sﬁ%jg ‘rl“]x%q%g to the EnKF

production data at early t are
ded reetupdafer aheelie3 Odeye msstdilatiitgahe dbssovedtpravetiyn data (BHP,

[ mlatj ti me, EnKF updates the predicted data
maflgwp?%%&% Bffes wi th uncertainty reducing to
al nost zero. As nore and .

Iteration vs. no-iteration.

FIGS. 5(A)-(D) and 6(A)-(D) show the variations of mean production data (BHP at
P1 and WPR at P3) with time and the associated standard deviations (i.e., uncertainty)
from the 200 models using the traditional EnKF (non-conforming and non-iteration)
and the proposed iterative EnKF. For the iterative EnKF , amaximum of 5 iterations is
used with damping parameter & =0.5. It can be seen that for the traditional EnKF
method, that the predicted production data at early time are significantly deviated
from the observed data. Also at every assimilation time, EnKF updates the predicted
data back to the observed ones with uncertainty reducing to almost zero. As more and
more data are assimilated, the prediction data are getting closer and closer to the

observed data with smaller and smaller uncertainty. Thus smaller and smaller
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nore data are assinilated, the prediction data are
getting closer and closer to the observed data with

wa w7 lerss@nd smal | er uncertainty. Thus snal | er PErNUS2006/044155

smal | erupdating is required for the nodels. Simlar
phenonmenon is observed for the iterative EnEl F, except
that the predi ctions at the early time are rruch bet ter

SRA D5, M55 8 ol Sy APBS St B v

K eise:epnhet the pietiationgut &d:l e@ﬂy on® and tfich BSiger and the

t of dat
ggg R nt %ile'sﬁin aglgxl[ 0 %2{141&%@} tﬂ% tgegggd%ggggatedoby the 1terat1ve
@%@F'@aﬁ ?Ircﬁ@de bR d@@lﬁ@tle %i’e%ﬁcﬁgﬁgwﬁﬁ B AR drlatnty Hhl gs%lmﬂatlno
(i he esti mati on) e assocl at eé varian
ﬁheeﬂamlg apnppoeef it pwlclﬂaﬂpwhadorﬂy emly hmeelaﬁaem)hsalrmﬂatﬁi)
and 120 days are given in FIGS. 7(A)-(D) and 8(A)-(D)
for the non-iterative and iterative EnKF. Conpared to
tThe nfeef/av &AgS1 den@babilit) flde(i. 4 (the estﬂrﬁatf'éﬁrargﬁhé 8&BcihRat
results using iterative EnKF are sl better 1In
cyarmr{q? figlds(wecegpiaty) gpmputed Homnghe ¢ns Ieeeé 6@fan¢1 20 days are

B HTES RARR IR SO PR R PR S By SR

Bm@atqddathmf@émb fieldrin TG s4(B) dngnehe sE@i/\&l‘éﬁfesults using iterative
gﬁ ations are only required at the first 3

AP Sghdhy betterga Ce%wmwhe epahiaklvayation fegyuray ofithe reference
FcdddPind! the FHAP nHdRR v O fﬁmcé“ﬂ iApd 2, respectively.
After step 3 e predicte ion data are cl ose
enough to t he observed data that no iteration is

' . t ective function at each
PN e Sl e ol P rach B3 RENGHA St e
Gowever] erftidas-arPdérlly tdghired\R ke ﬁl@% §ésﬁﬂil§tioﬁ%‘ﬂ{'ps (é%@tbe@@ fnd
of the obj ective function for the first assimlation
s‘}@éiﬁw() Boﬂbltay gqtualntﬁramn mpigbertod 5 Ayradt2, ofspedtiseiyt Aldiﬂr dtey 3, the
tr an- i near .
SR LTRSS EGen h A B Wi
I’f&Iu@l’ﬁdtTbe PGl df B etidteFundtioh at Ba%hh@%ﬁfontwlffﬁ& thelf?§ 3

I mpr ovemsnt of data matching is smaller.
I‘@Eﬂﬂ) lation) steps spp giv ereindd @bt YA - @)ON Qtedhe @@nlﬁeaﬁldbcrbgse of the

Bl Do ol e P R SO GE cing B ffpoct of

fmmnmh e <2619 tieresweldal fﬁ)\xﬂﬁé&ﬁinSesafakfe Etr(ﬁ%ﬂbnﬂir%ﬁﬁfebﬂl?es and large

wthin.the first assinilation step (30 days
updat{ng 1s needed for the model to match the progucguon datangr the later times, the

improvement of data matching is smaller.

FIGS. 10(A)~(G) shows the scatter plots of permeability values at two selected
locations (cell (15, 15) and cell (45, 45) counting from the lower left corner) from the
200 ensemble models after each iteration within the first assimilation step (30 days).
Also shown are the corresponding scatter plots of production data (BHP and OPR for
well P1). It can be seen that initially, the permeability and predicted production data
are widely spreading and centered at the wrong places indicating large uncertainty and
inaccuracy in the predictions because no data are assimilated. Also the predicted

production data, particularly the BHP, are not normally distributed. By assimilating
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Al so shown are the correspondi ng scatter plots of
production data (BHP and OPR for well Pl). It can be

wG@e@n/octesd initially, the pernmeability and prePCTUSH06/044155

production data are w dely spreadi ng and centered at

the wwong places indicating |arge uncertainty and

i naccuracy in the predictions because no data are
dlssproiicaibe data Al 3@ diyseyif ditetatioe PRIOE U péimdabidity values and

ticularly the BHP, are not normally distributed. B
AT AR X A W R AL
hLERbIWYE pladttEiionBRllts RREBAPIdhid. W@ kﬁ%dmﬁiﬁ%ﬁ%&{ ed

production data are gradually noving towa
torefuichigrtdata grgiclpsslyanaichad end perereakitityprabehsctré smttedngmsund the

ter iteration., At-the end qf the iteration,.
ST S i L iR i BB e b s T iy
\ifab bt edpfors Bdtives Wl RUPA, bdiRedd LR AR YBSraht Ralues of
smal | uncertal,nt}/}i.i Note that the selected two

IPSERGADBHY argreatically) importentfeor matghina rqduetiomedata. Vst 4ssimilating the
, en | re the val ues of
A0 il PEARC e ool RS PSP eamprgen
pdaditied hioeadgl atith. snidl \ageritaintly AN @ldvwieanf dctsrhat iR edHilit§0
rmeability values at these two | ocations

d . Ih
CEatiptionde e pelaied f bH1as) Fesiiop. LeRoSIY AMdo@et eieATyinty
Thduld B4 L9esed it &ﬁ&q%s@ahsnf@ém@@. highy distribution to

be obtai ned at the | ast eration. "Less accuracy and

| arger uncertainty would be expected at other

I ti EI GS. .7-8). h th and, for the
(BB bRREprIE e onfirdive EERT. tpdds atr wHeFonbeonse g
By (4)4The sER@erpiats bethe Rh@E& RimtdBRds! G sare locations and the

perneabilities for the sane | ocations and
whisted pradyntion dete form astl 2 1 fareodispleydd iPFIGr EL. di eyplbayesh that

T I

praditionslicme stipipdatiignge leheactira i dnll @M bct @6 GurSdr@P certainty
updating are | ess accurate and subject to Targer

&ﬁ@@ﬁlieé%%%hy PEROpRt ibdattes Rokd petbpd p;cr@@ca’m; daia Egmputgd
. i . t t
RS A upditfy RGBQUSAN R 7 Sk R S R o o

Next, the predictive ability of the nodels updated by
the traditional and iterative EnKF is conpared.

Shiths REsioR FRY iy of lermesielramdaisd by thedepstians] angliarative
AAR1R A6k parBd 2L ARSI fTh, At IR 740 8- Ahe b 0B M e
after assimilating data at 60 and 120 days using the two methods. FIGS. 12(A)-(D)
shows the predictions of production data (mean and standard deviation of BHP at P1
and WPR at P3) from the 200 models updated at 60 days, whereas FIGS. 13(A)-(D)
display the predictions using models updated at 120 days. From both figures, it can be
seen that the predictions using the models updated by the iterative EnKF are both
more accurate and less uncertain compared to the models updated by the non-iterative
EnKF. Thus the real-time reservoir optimizations based on the predictions from the
models updated by the iterative EnKF are likely to provide better production

strategies to realize more production potential. For both methods, more accurate and

less uncertain predictions are obtained when more production data are assimilated.
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shows the predictions of production data (nmean and
standard deviation of BHP at P I and WPR at P3) from

W b@780@86del s updated at 60 days, whereas FIES/US2006/044155

13(A)-(D) display the predictions using nodels updated
at 120 days. From both figures, it can be seen that
the predictions using the nodel s updated by the
iterative EnKF are both nore accurate and | ess
uncertain conpared to the nodels updated by the
Redudtive pdEnseenbin$iEe VidRs-sarhelireeal -ti me reservoir

optim zati ons based on the predictions fromthe nodel s
updated by the iterative EnKF are likely to provide

et bEECRERAY6E he ?ro%&e@ts%gbl%% 58np18R) th&Bod R Rduce the ensemble
ot en For bot h net hods, nore accurate

5’.1;8 ?nuéé@g ng BowW &P derppmatfﬂ: Zﬁ%lgmabmomla mﬁif()ﬁmn usert and are
R
RN Gh oAU T 0 B5 T RGO BitBh a5 RBRS Dam

snerIR)mse dig| 1he shoeidiidg bvaridteelidGeertified 89 GRMBI® alSWEEP1 .
i n EnKF VVI |l now be denpbnstrated. 200 initial npdels

Reseapwip! Z0medsispre rrnked based an therBiaR ay by 5@@@3@%&; &
HP
Qarg&v\%% S S&%M@%@Mﬂ%ﬂcﬁen §tePad B 36

var

- FHeht ]l4f(A)aCF YaNote hﬁt BidRnedllesteBHP RIPL is H@ﬁsmodﬂlmérﬂ&er 80fhere

e A R o el LT o

%ei{tfek lPS‘i Wﬁ&efPll' RElob AR {rCAhikh ?lérgget'a@i‘ﬂﬁp e 10'5:%@ is W?H connected

t(i@ Note that the-simm
m) Ianﬁ@ﬂibé‘ronﬁthMi’@ﬁempémmﬂﬂ 59 trysmbatsmsmmmuislﬁg umfc&m

whil e .t he BHP. t Pl nber _ .
S O SRR B BB TR i
hatodes car kdpr&OMnNREiaek trRertdiryisPhRGh rms 6f HOBHIR 22000 P1 as
initial nodels, 50 nmenbers are sanpl ed using uniform

heprisanat200 medela Menyomodeiewihflowi regponsasithas armive clask tafach

St RaRdseett Bty the resulting 50 nodel s can
represent € Samme uncertainty space in terns of the

BHP at well Pl as the original 200 nodels. Many nodel s
viihie ne-fdrapled & model e sretthat usadl Ertth&)pr@b@ﬁﬁxgtﬂaﬂ@a@ﬁﬁaﬁhg &For

Eﬁéﬁaxﬁ’éﬁ#xﬁ%ﬁ up hg ?s&?ég S A glfﬁﬁ 38 @Tﬂgl%les,llqsflther initial 200
glgf@ngr ie?%@%l}tiggﬁge deﬁ@ sbuﬁpf%@ EliQN RIS A AR i rtl’?etn
used with the conforming step only to update the models assimilating the same
production data as shown in FIG. 4. Based on the permeability models updated at the
last time step (720 days) using the different initial ensemble sets, the flow simulations
are rerun for the entire production history using the all updated models.

FIGS. 15(A)~(F) show the BHP for wells P1 and P4 using three different initial
ensemble sets: 200 random, 50 random, and 50 re-sampled from the 200 random

members. The histograms of BHP at P1 at 720 days are displayed in FIG. 16. From
these two figures, it can be seen that:

(1) 200 randomly sampled ensemble members seem enough to provide reasonable

predictions and the associated uncertainty;
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nodel s, representing the 50 randomy sanpled initia
menbers. The EnKF is then used with the conform ng

waee@p/oerBy t o update the nodels assimlating tPET/BEsam6/044155

production data as shown in FIG 4. Based on the
perneability nodels updated at the last tine step (720
days) using the different initial ensenble sets, the

fhow s ' | ke pro ion

P51 op ) FAAR? R Pk bR i for L B ol G th JHRH P,
show tpnedi@idas {adserved prodiRitioaddiaRde ostbidg teleheeloph 6 prediations);
initial ,ensenble sets: 200 random 50 random and 50

re- sar?'Bfied fromthe 200 random nenbers. The hi st ograns

of BHP at PI at 720 days are displayed in FIG 16.
Fromthese two figures, it can be seen that: (1) 200
K@hdomsipgshmif @dlﬂgﬁ@éﬁb Feesapaidseirem g0 Gemandgh ntembers, the

pr ovi . nahl redi ctions and the .associ ated
Proer (s A8 et B e DR S T Bl
enouglbs@satidn) Bgl hbrel APIEGI(BSs r&MinE) cOHMPart@RSBE VeIt
production data are outside the envel ope of

pr edi oVjrandom msmbers 3hhisielpaly demomsatenibeieffectinsaessof the
re-sa J)&geci feQ'gé}n%)g;ﬁ% %?Rg?agcﬂqg Pé@ug@ﬂ;?%ﬁg‘e’mbtlg Size.

predi cti'ons ar preci se (nean of predictions

close to the observation) and nore accurate (Iless

pr.eadi ng) . red to the use of 50 random nenbers.
.%'?@S?B{%Sg%@lga%ﬁngﬁ%‘ﬁé?t?%@es the effectiveness of the

proposed re-sanpling approach to reduce the ensenbl e
size, Effect of assimlation tine interval The tine
i edimaintdseal hevsen the twodnKikEsingtion bteps isnlse e paporsant issue

n iL.nportant. | r the pract.ical .appligcation
ab e RPec R Ao ST T el i SEkiBn s e Bbeker
i @i dan€ Ao behoisrakas 66cut RAMGR SDGE HEw B iR e 3Ediag
new wells in the reservoir system well converting, or

Virptems gt cppvertmepeiiivel] gwt-taProdvcton dafe migl de wbseeread at

i f i ght .
iRl LSS NE AN BLERRI s RIA08 AN i ey
Edcbrdihg tr the EnKF itlseopy, 6ifie pridreble fat tHehesiasigiict i@t b interval

tinme at an ipterval .
to not be too small or too Jarge. Production data may be redundant and correlated, and

thus no new information can be absorbed when the selected points are too closely
observed in time. On the other hand, if assimilation time interval is too large, the
model parameters and production data may be highly non-linear causing problems in

filter updating, such as filter divergence.

In order to investigate the impact of using different sizes of assimilatioﬁ time interval,
EnKF is used to update 200 reservoir models assimilating production data at different
time intervals (30, 60, 100 and 300 days). Both the non-iterative and iterative EnKF
methods are used. FIGS. 17(A)-(B) and 18(A)-(B) show the resulting mean and
variance of the 200 models updated at 300 days using the non-iterative and iterative
EnKF. The predictions of well performances from 300 days to 720 days using the
models updated at 300 days are given in FIGS. 19(A)-(B) and 20(A)-(B).
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to not be too small or too |arge. Production data nay
be redundant and correl ated, and thus no new

W0 ndooemmsé on can be absorbed when the sel ect edP@DUS1086/044155
are too closely observed in tinme. On the other hand,
if assimlation tine interval is too | arge, the nodel
parameters and production data may be highly

gg&? }}eggﬂgu ggqts&gg)eggeqlb&lﬁns in filter updating, such

ter~diverg I'n order to investigate the
inpact of using dlfferent sizes of assimlation tine

tervzi}lﬁ n1 Fis useg da%e 200 reserv0| r nodel s
si P SE FRAT FRGARERRSHS-gat §0hbY e} sedled {hepipdated modils
' nt er ¥ad the@3Beiafd unt@idP ths IR0 Lay rfc;%red@ﬁ&ﬁ}. dsie th%se models

non-iterative and iterative EnKF hods are use

FI GS. ateneny sifrilpr whethargy apt thBjterstiomnistised ircEniF updptingan
and variance of the 200 nodel s updated at 300 days
using the non-iterative and iterative EnKF. The

2)edi ethen Meg@ftineinterey @, M0ee30d dBR) 38AsaB YR kOsigaPicant

days using the nodel s aped at. 300 days are given in
FI GS. dufrrance beiwesn 816295(\1%; ngipy ﬂﬁlt@ﬁﬁﬂ\fﬁ&%ﬂ*‘f ar@lﬂa@s using the

D T

assoc bettedhanthesctpidaey by % mllier?ﬁe%mgﬁé peticebss us;]ng
using t s.are very simlar whether or not the
iter afrfoglﬁfé @H%gggy fhs r@ﬁﬁ@%}ﬁﬁ EpKEgre gubjechinomuenlaggst

time hREeRURY ﬁlaﬁ%hd%e from e AEraBPOpiay Sy hlsﬁ%e#ﬁ&gonsﬂ@tes that

see significant difference between the ts usin

t he i neadglsivpdated K thentgrative EeKE girengde imerefmunate@"ramctwmls with
EnKF. 1The uq?%%tngd del s using the iterative EnKF are

vi sual' 7%y "B +R%n those updated by the

non-iterative EnKF. The predictions using nodels

updated by the non-iterative EnKF are subject to nuch

13 gemaspzBparinty ywitththa neisietive BAKEhibe iquaitnof yeladkRodels

Th t.h
"t er anrd RS URRESs b PRRc R Rt ultB et Rk Mgiitacion
| ess tinGeihtetvald ae uesddsdePNGBOT BarldiPOr WAL tHe dMetdhct l'hequahty
non-iterative EnKF, the quali tﬁ/ of “updat ‘ed nodel's and

p

the pregediffes tmeslpteé‘gaés a5¢ PR proaliar w:nh‘ the iteratiee BAGH.

different assim |l ation

Models updated by using the non-iterative EnKF are not reliably providing good
predictions when assimilation time interval is large. Whereas, reliable models can still
be obtained with the iterative EnKF. While not wishing to be held to a particular
theory, this may be due to the fact that the use of iteration in EnKF can stabilize the

update process and correct the non-linearity.

Finally, the updating process of permeability and production data during the first
assimilation time step using time interval of 300 days is shown. FIG. 21 (top row)
shows the scatter plots of initial permeability values at two locations, as well as the
predicted production data (BHP and OPR at well P1) at 300 days from the 200 initial

models. It can be seen that the initial model and production variables are significantly
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time intervals are used (see FIGS. 17 and 19). Wile,
the difference in quality using different tine

WO paogovimBs are nuch smaller with the iterativePENKR006/044155

Model s updated by using the non-iterative EnKF are not
reliably providing good predictions when assimlation
time interval is |arge. Wereas, reliable nodels can

. . , he. i . 3 e nat .
o et B M A SIS LG T B o
gumelutioon deén, paticulat gtfort BIEP uBsplays nbh-&FaatdianfehturdsnKF can
stabilize the update process and correct the
non-linearity. Finally, the updating process of
REERARIs i it M B 6 RH WE BOPM I AtIE. Y (A hd@chdd R to the
assimlation tinme step using tinme interval of 300 days
ibgtiamao) disnlays the scatteropiols ohpdstrsipermeability antues, apiwwilsis the

initi i i I I ti.ons, . )
Ak PER TR il BB A0 b AR RS g e
tetativeEpK et CI3ay, dieeyperfneatillityValudd erel dtaduiaBl nfRe@tsward the true
be.seen that the initial nodel and Cgr oducti on

ca r [
VaPeapihdiear 6P RTodnetan dajposting derer mrbetpecaéo thewbseared
e g V. -l a e .

e e PR P LILY vl g roguctipp,
drsitaps anohtadedswhizh if eay singhr tldhe RGuUBNSHRSS LG 10 This
tinme step. of ngga%s, Fég .2 1 (fromthe second row
(AP HEB RS TRP ISR PES iterBve BBk E dre cpyrgtegipdating and

datRehReoTRatiubidyd : t el :
p%rgoduct [ gﬁdggt a atl i %{?E%Z%tw???%éﬁvik%%?hfagr%g?ﬁggffn?%tg?l fine
asteivad. (The itergtien wethinghe §nKR epdatimg ativeeastnéErecthgpioksss for the
t he {Lity val ues are gradually noved toward the
tnlraﬁéﬁ\g/a gug“\}\(h %;a‘tlsr%amg?[‘edi cted production data getting

cl oser and closer to the observed values. At the end
of the iteration, excellent perneability values and

FHARARNF PP PEBE theinonstesttive Sk Meapdatbd permesbiigy, ynd the
Myh ‘ ' 10. . Thi. '
i pfutOf AN B i 2P T R Bev-).

i Cognparegioo theahitialipd asls, e edhibs @ apdait SerinBebiBfy are moved closer
Ség}%uctl on, data can .be obtajined even with a | arge

> g
Hi UGtV LORS, EPshEme p dpprgred medicionsy Bt ha updlated permigebilities
: ' ' for. the
SR DA ISR B B SRLLEF AR RLTRE B il
sddvgtiothéatmiorthé dleseated\detadukkg thietise ofidajeadsimilation time interval

Q%d@a%g)l. lThcgs)é’res%ﬂg a:}ehn%t as good as the results using smaller time interval

shown in FIG. 11 indicating the sensitivity of using different time interval size for the

non-iterative EnKF.

Traditional and conforming EnKF for continuous updating of reservoir models to
assimilate real-time production daté have been reviewed. An iteration process has
been introduced during the EnKF updating to further account for the non-linearity and
non-Gaussianity in the system. A simple uniform re-sampling scheme is introduced to
reduce the size of ensemble. This re-sampling scheme uses the ranking information of
the most varying production data computed at the first assimilation step to ensure that

the selected small ensemble members have the same uncertainty space span in terms
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predi cted production data based on the updated nodel s
are given in FIGS. 22(A)-(B). Conpared to the initial

won@elel68¢ he val ues of updated perneability arBCHOS®d6/044155

closer to their true values, resulting in inproved
predi ctions. But the updated perneabilities are stil
subject to large uncertainty, resulting in poor

BRihe le@&e@ﬁm@ﬁc@i@h Gh@ds PE gLl JaLRyik Qetl DR &Q&%@M? de
data due to the use of large assimlation tine

hsing difeerent 3o0nidrdips YimeThtesenl sgdw investggediot as good as
the results using smaller tine interval shown in FIG
11 indicating the sensitivity of using different tine
Frine theabosd a@mbly tHelTellowing icbedl@didné&alEpKErawhr adi ti onal
and conform ng EnKF for continuous updating of
reservoir nodels to assimlate real-tinme production

O o 4 el M R R P PLBRS o SR
for t bp-terdate prodeationtdatagnd non- Gau33|an|ty in the

system A sinple uniformre-sanpling schene is
i ntroduced to reduce the size of ensenble. This

(B SapRltagicRsRIBeHERS Hilke, bank hﬁ&téﬂ%@ﬁkh ?ﬂe&f anline

nmost varyi ng production data cohputed at
assi nnblaﬁa@sslagtf@q@ummlrehs mwservolrand flhe syskmeteay soride

ensenp| e he s uncer.t aj nt ce S
e RE Rt dar X Ba e SR ar SRSl ek RE FePhBlon
I niti ameeteeabbed set. The sensitivity of using
different assimlation tine interval is al so
investigated. Fromthe above exanple, the follomﬁng

ncl ficient and
E90C! W5 R GRR Rl ho BT a6 6LER A auate

up- t ondtle aferabthineddivoith ted miceftaihtyt feultihg el bdt@nalatching of
non-iterative EnKF, being affected by the non-1linear

and nBﬁ”@@H@%ﬁEﬁmﬁé%FE?@%ﬁﬁﬁpﬁﬁ@hﬁ@%éﬁ¥ﬁhﬁﬁgﬁﬂmﬂhﬁﬂgpﬂme%

Syst efBoontRYndrd Q¥hide i naccurate updating. Also the
results are sensitive to size of the assimlation tine

interval ; and (3) by introducing the iteration within
e EnkF. dat ocess, ,.nore curate nodel s are

(S%)t ai NG Fﬁﬁe?@egéeg[y SRtk FREPr WS et l.f@n‘f “ Bebaior

mat Chichghegd, e. g., when adding wells or well shut-in. These are the times when

system displays strong non-linear features.

(5)  The proposed re-sampling scheme is simple, easy to implement, yet very

efficient. It accounts for the flow behavior which is a major difference from

the other methods.
Nomenclatures
C,  =Covariance of production data error
C = Covariance matrix of state vector

y

cm,l

= Flement in Cy

d = Production data vector
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producti on data and nore accurate predictions. Also
the filter updating process becones nore stable. (4)

WO e@rmeiedsn i s needed only at early tine or whePCT/US2006/044155

significant flow behavior changes, e.g., when addi ng

wells or well shut-in. These are the tines when system

di spl ays strong non-linear features. (5) The proposed

[Fe- SamBdrivgrdSAdWedBula%orSi NPl €, easy to inplenment, yet

very efficient. It accounts for the flow behavior

Whi Ch‘llgaﬁlaﬁﬂf“@r difference fromthe other nethods.

g mencl Iqtdﬁll{x %rﬂ%)@&[?é&ﬁ%@ Vgétop{o%qg&tchgg d%atmast%r R/g&or
Covarla e matri x of state r

Cy d =IBeddyotaron data vectorF = Forvvard flow

| at G—K ain H = Matri x operator that
i‘é&gt esﬁ%ti‘ %{H&I}P%Hn?ﬂbgﬁﬁctl on data in state
\ﬁ@ctopgtatm{,egﬁgfeyy matrix In(k) = Natural logarithm

of pernmeabi ity nms = Static variables m= Dynamic
var | alil Bynamievaoblds nunber of active cells in

serv = nsi on of producti on data
\}\thorok%tl “ﬁg)ﬁ{)!%\gacgfle ?eggll?ﬁeﬁ?ﬁmﬁﬁqcﬁpensenbl e NT =
INgbe = Dimdiiah loZ ploki@dtoni datd vikcldral ensenbl e Ny =
D nmensi on of state vector t = Tine

Ne = Number of realizations in ensemble

Nt = Number of realizations in initial ensemble
Ny = Dimension of state vector

t = Time

Y = Ensemble of state vector

Y = Mean of the state vector

= State vector

Subscript

k = Time index

j = Ensemble member index

Superscript

f = Forecast

i = [teration index
T = Transpose

u = Updated
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Y = Ensenble of state vector Y - Mean of the state
vector y - State vector Subscript k = Tinme index j =

wea®entlogs menber i ndex Superscript f = For ecasPCT/US2006/044155

Iteration index T = Transpose u = Updat edVWHAT IS
CLAIMED I'S: 1, A nethod for updating an ensenbl e of
reservoir nodels to reflect the nbpst current measured

[ nd to accurately predict reservoir
ggg gﬁ%&%ﬂkﬁﬂﬁ I§'mathod conprising: (a) generating an
ensenbl e of reservoir nodels, the ensenble be!n?
r.epr esent ed, .at first ti step, by an initial state

ot ofs Brg Seplaiie Shyma e of e Vol modshdareree by Mot
the fictgéntindiBursd BRILQIA BAGAAYo hédiBuSYy BRudid 948638 | NY
forward the initial state vector to conpute a

f or ec Agtfernageaitee melbpdeomprising:i ncl udes forecast static
and dynam c variables and forecast production data;
(c) computing a gain based upon the updated static and

dynani(#) st gtgerataig Anesiblé 8 reciFibHoadls e biRdAbRbeing
state vector utili zi n% the conmputed gain of step (c)

as wel | as OBEERiFRt 3 lid tiate . Bxeminie statrevector of siatic and
producti on dgﬁ:lrﬁ‘i'c state variables;

(b) from the first time step to a second time step, forecasting forward the
initial state vector to compute a forecasted state vector which includes

forecast static and dynamic variables and forecast production data;

(©) computing a gain based upon the updated static and dynamic state

variables;

(d)  computing an updated state vector utilizing the computed gain of step
(c), as well as observed production data and the forecast production

data;

(e) creating a conforming state vector including the updated static state
variables of step (d) and the dynamic state variables of step (b); and
A
® from the first time step to the second time step, forecasting forward the
conforming state vector to compute a forecasted conforming state

vector which includes forecast static and dynamic state variables;
whereby the ensemble of reservoir models is updated with the static and

dynamic state variables of the forecasted conforming state vector being in

conformance with one another.

-31-



10

15

20

25

30

(e) creating a conform ng state vector including the
updated static state variables of step (d) and the

waelynwansssst at e vari abl es of step (b); and (f) PCDOS100€044155

first time step to the second tine step, forecasting
forward the conform ng state vector to conpute a
forecasted conform ng state vector which includes
forec [ : i c state variabl es; whereby
tzge eﬁ%%ﬁ%lhgotdo C%@@é%@%&m%l S is updated with the
static and dynam c state vari ables of the forecasted
conform naq. state vectaor _being in conformance with one
Aot hdi SEHCHALe Farfains AR Ao PIRREPETTADR BEAT PP LY.
state variables include at | east one of perneability
and porosity. 3. The nethod of claim1 wherein: the
dy nanilhe sethod ofgtaimpbl wkerginc| ude at | east one of
pressure and saturation. 4. The method of claiml
wherein: the gain is a Kalman gain. 5. The nethod of
cl ai miKe aynemed fate VEgaHISY ilBHd D& 1Ehsi SheTPRAEEE and saturation.
conporting with the use of the foll ow ng mat henati cal
expression: kK y,k Hk (Hk y,k Hk + d,k ) ~I where &
= the |3%? in-for 1ipe tk; Cf , -the covariance
rﬁétriﬁg S ecllt%e}{c\i}aé%ﬂoﬁl&ﬁgk = the matri x operator that
relates state vector to production data in state

vect or; and,ColIé = the covariance of neasured
produérf*ff%aﬁn@a?t PERRSAN- 6. The nethod of claim 1

- wherein: the step of conputing the updated state

vector conports with using the
5. The method of claim 4 wherein:

the Kalman gain is computed comporting with the use of the following

mathematical expression:

G, :c;ijkT(ch;ijkT +Cy )™

where
G, = the Kalman gain for time ty; |
C}{’ . = the covariance matrix of state vector;
H, = the matrix operator that relates state vector to production data in state
vector; and
C,; =the covariance of measured production data etror.
6. The method of claim 1 wherein:

the step of computing the updated state vector comports with using the

following
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follow ngyl J =y{] +&(dkJ - Hkyi i) where: yk ' J -
updated state vector at tine tiV & the Kal man gain;
wa@koodoeleebser ved production data at tine t HKyB¢T/US2006/044155

=f orcasted production data. 7. The nmethod of claiml
wherei n: the conputing of the updated state vector
i ncl udes using a danping function. 8. The nethod of
claim1 for the comri,si ng (gonpyt{fHg an obj ection
function based on)g"‘hey'b‘ogg;r“\(/@d aﬁﬁykf”gr ecast ed
production data and replacing the initial state vector
with the conform ng state vector; and iterating steps
(b) -wHere:ut i I i zi ng a danping function until the
objective function is within a predeterm ned criteria.
9. The method of claim8 wherein: wherein the danping
function ¢ t ' t t hemat i cal expression:

5 % g&?ﬁﬂg s%té’wféctbr D BmiERL p

wher e-ak i anpi ng paraneter at tinme t at

Iteration,j, w e between 0 and 1; 44155 yk ' =
updatéd stjg)te\eﬂa%%%/%irlﬂ’at time tk at iteration i +1; yk

" J'" ~ updated stat jme tk at iteration i;
G = fihe KﬁPﬁsﬁﬁveég?ond%g\%{&f%%gFt m%J{k’er ation; d\ =
observed production data.at tinme tk at the ith
itere{{kiyzm;:f S-%‘P‘%")‘?a%ggﬁt or that relates state

vector to production data in state vector at tine ,
and y{'] =forecasted state vector at timet at the ith

10 7l terahb@Rthod of claim 1 wherein:
the computing of the updated state vector includes using a damping function.

8. The method of claim 1 for the comprising:
15
computing an objection function based on the observed and forecasted
prodliction data and replacing the initial state vector with the conforming state
vector; and iterating steps (b)-(f) utilizing a damping function until the
objective function is within a predetermined criteria.

20

9. The method of claim 8 wherein:

wherein the damping function comports with the mathematical expression:
25 W =yt + Gy~ Hyl))
where

e, is the damping parameter at time tx at iteration 1 with value between 0 and
30 1;
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10. The nmethod of claim6 further conprising the step
of : conputing an objective function representative of
wo b@7aefeBer ence bet ween the neasured and f or ecBSI/E82006/044155
production data. 11. The nethod of claim 10 wherein:
the objective function is based on the nean and
vari ance of all nmenbers. 12. The nethod of claim 10
further c | S 8RR 10t itetdtbniitrer at i ng st eps
(bfﬁef) uﬁ?@#&gﬁggﬁggﬁwihggv%riance of {he obj ective
fungtion_is : ijned term nating
criXeer | afupdﬁ%t%gﬁg%ﬂgagh gﬁﬁggge?ﬁoﬁé’ti ng data into an
ensenbl e of del s,. t t. .conprising: (a) at an
i ni % al F??Feﬁ%angaelﬁlélpg}egﬁal%%ﬁ%énble of models with
si ze, of Nf b). fo rd,.sinu to a first
asstui | at iogﬁe(ri'%dr@c’%‘%()? d%%;lwé@%%r%ﬁ%ﬂ{@égamét varyi ng
production data; (d) rank the N 0 state
5 mosfrvar i Mg ?fgﬂ%?ri %ﬁt r&Latt%q'; St?tg)\)g@gg lzt‘:lotS gﬁ?ﬁ@%ﬁu{hﬁ :ﬁ\%e
di stri bution Jun tion (cdf) curve based on the ranking
of SECA HIWAS % F) sanple a snaller nunber of
real irzat iLOAS, LMNe) st ivEQsdt Yindertomn thigh dielfationr ve to
obt afh t he correspondi ng nodel nunber; (g) reducing
the ensenble size fromN T to Ne; and (h) using the
smal |l er ensenbl e size (Ne) for the proceeding ‘
10assi Thd ratthahofxiapst further cpmprisEeiBster °cl ai m 12
wherein: step (c) of determ ning the nost varying

10 production data is conputed using the coefficient of
var i @ ffingbn eBjebtiRIfotttichirgmedatative dBhe Aiffsrage hefween the
storage devi ce readabl e b%[ a, machi ne, tangibly
enbouyisyeedznd forecasted production data.

11.  The method of claim 10 wherein:
15 |
the objective function is based on the mean and variance of all members.
12.  The method of claim 10 further comprising the step of:
20 ® iterating steps (b) —(f) until the mean and variance of the objective
function is smaller than a predetermined terminating criteria.
| 13. A method for assimilating data into an ensemble of models, the method
comprising:
25
(a) at an initial time f,, generate an ensemble of models with size of Nr;
(b)  forward simulate each model to a first assimilation time (£1);
30 (c) determine the most varying production data;
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program of instructions executable by the machine to
perform nmet hod steps for updating an ensenbl e of

WO e®ge8¢ nodel s, conducting a reservoir si MUPEL/USIVP6/044155

sai d nmethod steps conprising: (a) generating an
ensenbl e of reservoir nodels, the ensenbl e being
represented, at a first tinme step, by an initial state
vect ?ﬁ of 5t Ald 0, RADGISYRBILE 1R IAE vMPIeBRb Rtk Bataf I OM
the frrst tine sfep to a second time step, forecasting
forward the initial state vector to conpute a

forecasted state vector. which Lncl.ud for iC
and nan?rﬁaf\?&ciu%‘ﬁag © glr?)é%flg?ré a{lg{l&b C@QU‘%‘FF eg%% a@{a@%c)
conput i NgrRkEBiJT ch@s@edepon the forecasted state
vector and the forecast production data; (d) conputing
an updated state vector of updated static and dynam c
state,vari A j

oy Gna PRBVER tibli e HISSATDI (R AR S T car
(e) creatcaged ctahahatongssinding metsd oumbercl udi ng t he
updated static state variables of step (d) and the
dynam c state variables of step (b); and (f) fromthe
f r\‘j’\g . e&%ﬁ%tﬁ@eﬁs@ﬁbﬁ%&@%ﬂ RL@Ra forecasting
forward the co formng state vector to conpute a
forecasted conform ng state vector which includes

forecast static and dynamc st ariabl es:. whereby.
the SRS endsBecte fadist VoRRL st yor s Bt Send B iion
static andiglynam c state variables of the forecasted

conform ng State vector being in conformance with one
anot her. 16. A sinmulation apparatus for updating an

senhl e of reser.vo ] s, adapted for solving a
ﬁ‘gst er%eé?‘%l%(;w?fc %lglriztravﬁg%glgbns that represent a

particular entity, said sinulation apparatus
generating a set of simulation results when sai

d .
syst i) ploHterAERIpS Equeast BHESPE figrpdata sshogiisd ysing the
si mul Rebiert 68 Yikefion of each production data.

15. A program storage device readable by a machine, tangibly embodying a
program of instructions executable by the machine to perform method steps
for updating an ensemble of reservoir models, conducting a reservoir

simulation, said method steps comprising:

(2) generating an ensemble of reservoir models, the ensemble being
represented, at a first time step, by an initial state vector of static and

dynamic state variables;
(b)  from the first time step to a second time step, forecasting forward the

initial state vector to compute a forecasted state vector which includes

forecast static and dynamic variables and forecast production data;
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i ncluding one or nore paraneters which characterize
said particular entity conprising: (a) a neans for

w@enenetcBdhlg an ensenbl e of reservoir nodel s, tPET/US2006/044155

10

15

20

25

30

ensenbl e being represented, at a first tinme step, by
an initial state vector of static and dynam c state
vari ables; (b) a neans for forecasting forward the

i ni ti gl st%ﬁ%gg%%ﬁ &s&%ﬂtﬁe BrdQ668 asl-alc Bt aPthe

vector; fr iTst ti step to a second tine

st ep, whi chforeve$tpdeduction ddast static and dynam c

vari abl es and forecast production data; (c) a neans
for conputing a gain based upon the forecasted state

vect orgyandcdoisutin@ra6pdhte@si@@wettbost updhiad slady apd dpeinsc state
for conputing an q?dated state vector of updated
static andvaiyhlesivéilisngtie epamiuted satr aftstapi(6). ggd theepbserved and

comput ed gai.n ep, [ d the observed and
forecastedﬂgggg%%i%%ﬁwééﬁ%@ﬁ(e) a means for creating a

conform ng state vector including the updated static
state variables of step (d) and the nam c st .
vari afPes 6fadREpCUBYIMIBAFHACHECAT e ﬁ"gftg]? “?%F%tci%qci sige
forward the,g squegqms&rﬁttﬁe RGHR sthi vERABIEL &F s@ept(b); and

forecasted conform ng state vector, fromthe firs
time step to the second tinme step, which includes

f t stati dynani ¢ st at : obl eo:
the: oRBens oo 2SO Gt residih, 32 aistEdRyard the
static and .gyRafing sthel®iords EARhRSs 2 BredBrRdlcOnREMEIgatte

conform ng state vector being i'n conformance with one
anot her.  vector which includes forecast static and dynamic state variables;

whereby the ensemble of reservoir models is updated with the static and
dynamic state variables of the forecasted conforming state vector being in

conformance with one another.

16. A simulation apparatus for updating an ensemble of reservoir models, adapted
-for solving a system of nonlinear equations that represent a particular entity,
said simulation apparatus generating a set of simulation results when said
system of nonlinear equations are solved, said set of simulation results
including one or more parameters which characterize said particular entity

comprising:

(a) a means for generating an ensemble of reservoir models, the ensemble
being represented, at a first time step, by an initial state vector of static

and dynamic state variables;

(b)  ameans for forecasting forward the initial state vector to compute a

forecasted state vector, from the first time step to a second time step,
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which includes forecast static and dynamic variables and forecast

production data;

a means for computing a gain based upon the forecasted state vector

and the forecast production data;

a means for computing an updated state vector of updated static and
dynamic state variables utilizing the computed gain of step (c) and the

observed and forecasted production data;

a means for creating a conforming state vector including the updated

static state variables of step (d) and the dynamic state variables of step

(b); and

a means for forecasting forward the conforming state vector to
compute a forecasted conforming state vector, from the first time step

to the second time step, which includes forecast static and dynamic

state variables;

whereby the ensemble of reservoir models is updated with the static and

dynamic state variables of the forecasted conforming state vector being in

conformance with one another.
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